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ABSTRACT
The U.S. federal government is seeking useful applications of VehicleInfrastructure Integration (VII) to encourage a greener and more efficient transportation
system; Plug-in Hybrid Electric Vehicles (PHEVs) are considered as one of the most
promising automotive technologies for such an application. In this study, the author
demonstrates a strategy to improve PHEV energy efficiency via the use of VII. This
dissertation, which is composed of three published peer-reviewed journal articles,
demonstrates the efficacies of the PHEV-VII system as regards to both the energy use
and environmental impact under different scenarios.
The first article demonstrates the capabilities of and benefits achievable for a
power-split drivetrain PHEV with a VII-based energy optimization strategy. With the
consideration of several real-time implementation issues, the results show improvements
in fuel consumption with the PHEV-VII system under various driving cycles. In the
second article, a forward PHEV model with an energy management system and a cycle
optimization algorithm is evaluated for energy efficiency. Prediction cycles are optimized
using a cycle optimization strategy, which resulted in 56–86% fuel efficiency
improvements for conventional vehicles. When combined with the PHEV power
management system, about 115% energy efficiency improvements were achieved. The
third article focuses on energy and emission impacts of the PHEV-VII system. At a
network level, a benefit–cost analysis is conducted, which indicated that the benefits
outweighed costs for PHEV and Hybrid Electric Vehicle (HEV) integrated with a VII
system at the fleet penetration rate of 20% and 30%, respectively.
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CHAPTER ONE
INTRODUCTION
1. Problem Statement
The negative effects of an ever-increasing number of motor vehicles on U.S.
highways (Bentley, 2002) have adversely impacted both U.S. energy sustainability and
overall air quality (Akimoto, 2003). According to a 2010 report from the U.S. Energy
Information Administration (U.S. Energy Information Administration, 2010), global
conventional fuel consumption in the transportation sector was expected to increase
yearly and reach around 60 million barrels by 2035, which is 61 percent of the projected
world’s total oil supply for that year.
According to the Energy Independence and Security Act (US Congress, 2007),
the U.S. national standard of fuel efficiency should reach 35 miles per gallon (mpg) by
2020 while current Corporate Average Fuel Economy (CAFE) standards is only 27.5
mpg (Research and Innovative Technology Administration (RITA), 2010). The affects
from such consumption are immediately apparent, specifically in the increase of
greenhouse gas emissions which are a major contributor to global climate change. As a
result, many innovative technologies have been proposed and evaluated for purposes of
addressing these urgent issues.
These innovative technologies use new vehicle topologies that utilize alternative
energy sources, such as fuel cell vehicles (FCVs), electric vehicles (EVs) and hybrid
electric vehicles (HEVs). Although the power output devices of these three topologies are
all characterized by electric motors, the dependence on electricity is different for each

(Emadi et al., 2005). Although the topologies of both FCVs and EVs are indeed greener
and more efficient because of their respective electrical power sources, they are less
practical because of the relative unreliability and non-durability of fuel cells, coupled
with the lack of hydrogen fuel stations for FCVs and limited battery capacity and lack of
charging stations for EVs (EERE Information Center, 2011). HEVs, however, have the
advantages of an electrical-driven system combined with the convenience of a welldeveloped gasoline based system, thusly achieving a balance of efficiency and
practicality. As a more advanced HEV, Plug-in Hybrid Electric Vehicle is an HEV with a
battery storage system that can be fully charged from an external electric power source,
allowing for longer ranges and resulting in higher fuel efficiencies (Williamson et al.,
2006). Because of this significant advance in current hybrid vehicle technology, PHEVs
use more electrical power over longer ranges, which is highly economical. Therefore,
they can outpace most current hybrid vehicles, such as the non-plugin version Toyota
Prius that has an average of 50 miles per gallon (MPG) fuel consumption rate, which is
double the fuel economy of the average conventional vehicle (Romm and Frank, 2006).
As communication technology has developed at an explosive rate over the past 20
years, another method for incorporating these technologies is through the fusion of the
Intelligent Transportation System (ITS) concept, which is expected to advance the current
transportation system via safety, mobility and the environment (Research and Innovative
Technology Administration (RITA), 2011b). According to a report on ITS deployment
(Hagemann et al., 2010), the national implementation of ITS related infrastructures has
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been increasing since 1997 with a concurrent and impressive improvement in safety,
mobility and environmental conservation.
The Vehicle-Infrastructure Integration (VII), also known as IntelliDrive or
Connected Vehicles, is a key ITS concept, which concentrates on the vehicle-to-vehicle
and vehicle-to-infrastructure communications. The U.S. federal government is now
seeking innovative applications of the “connectivity” provided by VII (Research and
Innovative Technology Administration (RITA), 2011a) and has initiated the testing of
connected vehicle technologies (USDOT, 2011).
The combination of PHEV/HEV and VII is expected to further reduce the energy
consumption and emission on highways. In this combination, VII is the backbone that
supports communication in the traffic network. Future speed profiles can be generated
with real-time traffic data from multiple sources collected by VII and predictive
algorithms (Eisenman et al., 2006; Ma et al., 2009). The prediction is then utilized in the
PHEV/HEV power management system for calculating the ideal working status of each
component while driving cycles are modified based upon the prediction to reduce
frequent acceleration/deceleration behaviors.
The details of such combinations, however, remain unknown. Although both VII
and PHEV/HEV are popular research topics, the approach to combining VII and
PHEV/HEV is unclear and needs to be developed, including identifying details, such as
the impact of traffic prediction errors on the power management system of PHEV/HEV.
Lastly, the impact of such combination must be evaluated in terms of energy
consumptions and emissions at both a vehicle level and a traffic network level.

3

2. Study Objectives
This study evaluated the efficacy of a combination of VII technology and
PHEV/HEV topologies. First, the potential of standalone VII and PHEV/HEV is
evaluated. Secondly, the approach of effectively combining VII and PHEV/HEV is
identified. Lastly, the impact of the developed PHEV/HEV-VII system, in terms of
energy consumptions and emissions, is evaluated at both a vehicle level and a traffic
network level.
3. Dissertation Outlines
This dissertation details three published peer-reviewed journal articles (He et al.,
2011; He et al., 2012a; He et al., 2012b), which demonstrated the efficacy of the PHEVVII system on energy consumption and environmental impact under different traffic
circumstances. The first article, presented in Chapter Two, demonstrates the capabilities
of and benefits achievable for a power-split drivetrain PHEV with a VII-based energy
optimization strategy. With the consideration of several real-time implementation issues,
the results show improvement in fuel consumption with the PHEV-VII system under
various driving cycles. In the second article, presented in Chapter Three, a forward PHEV
model with an energy management system and a cycle optimization algorithm is
evaluated for energy efficiency. Prediction cycles are optimized using a cycle
optimization strategy, which resulted in 56% to 86% fuel efficiency improvements for
conventional vehicles. When combined with the PHEV power management system,
approximately 115% energy efficiency improvements were achieved. The third article,
presented in Chapter Four focuses on the energy and emission impacts of the PHEV-VII
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system. At a network level, a benefit–cost analysis is conducted, which indicated that the
benefit–cost ratios for PHEV-VII and HEV-VII vehicle network exceeded one at the fleet
penetration rate of 20% and 30%, respectively. Finally, Chapter Five concludes the
dissertation and discusses the future potential of the VII-PHEV system.
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CHAPTER TWO
AN ENERGY OPTIMIZATION STRATEGY FOR POWER-SPLIT
DRIVETRAIN PLUG-IN HYBRID ELECTRIC VEHICLES
Abstract
To demonstrate the greater capabilities and benefits achievable with a plug-in
hybrid electric vehicle (PHEV), an energy optimization strategy for a power-split
drivetrain PHEV, which utilizes a predicted speed profile, is presented. In addition, the
paper reports an analysis and evaluation of issues related to real time implementation for
the modeled PHEV system. These issues include the optimization window sizes and the
impact of prediction errors on the energy optimization strategy performance. The
optimization time window sizes were identified and validated for different driving cycles
under different operating modes and total length of travel. With the identified
optimization windows size, improvements in fuel consumption were realized; the highest
improvement was for Urban Dynamometer Driving Schedule (UDDS), with a range of
improvement of 14–31%, followed by a 1–15% range of improvement for Highway
Fuel Economy Driving Schedule (known as HWFET) and a 1 – 8% range of
improvement for US06 (also known as Supplemental Federal Test Procedure). While no
correlation was observed between the error rate and the rate of increased fuel
consumption, the PHEV system still yielded energy savings with errors in the speed
prediction, which is an indication of robustness of this PHEV model.
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1. Introduction
The negative effects of an ever-increasing number of motor vehicles on US
highways (Bentley, 2002) have adversely impacted both US energy sustainability and
overall air quality (Akimoto, 2003). Of the four energy consumption sectors in the United
States, the transportation sector consumes by far the most energy, using 62% of all oil
imported into the country. Even worse, the energy generated from oil yields the lowest
energy efficiency, with an approximate rate of only 20% (Tulpule et al., 2009).
Consequently, many studies have been undertaken to address these urgent energy issues,
especially regarding the utilization of electricity as a viable replacement for gasoline.
Such research has produced many innovative vehicle topologies, of which fuel cell
vehicles (FCVs), electric vehicles (EVs) and hybrid electric vehicles (HEVs) are the most
popular. Although the power output devices of these three topologies are characterized by
electric motors, the dependence on electricity is different for each (Emadi et al., 2005). In
addition, the topologies of both FCVs and EVs are indeed greener and more efficient
because of their respective electrical power sources, however, they are less practical
because of the relative unreliability and non-durability of fuel cells, coupled with the lack
of hydrogen fuel stations for FCVs and limited battery capacity and lack of charging
stations for EVs (EERE Information Center, 2011). HEVs, however, have the advantages
of an electrical-driven system combined with the convenience of a well-developed
gasoline based system, thusly achieving a balance of efficiency and practicality. They are
designed in such a way that the power required for operation comes from both an internal
combustion engine and an electric motor augmented by either a battery or other
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secondary electrical energy storage sources. The flexibility of the additional power source
provides a choice between the internal combustion engine and the electricity storage
system to accommodate various driving missions, thusly yielding greater fuel efficiency.
Typically, the electric power supply is used for stop-and-go operations and low speed
driving, which enhances HEV drivetrain efficiency by nearly 40%(Emadi et al., 2005).
Because of the advantages of HEV, the number of HEV manufacturers and HEV models
has continuously increased since 1999 (U.S. Department of Energy, 2011), and the
number of HEV models is expected to exceed 100 by the year 2015 (Berman, 2010).
PHEVs are even more suitable topologies than traditional HEVs for reducing fuel
consumption and emissions, in that, unlike HEVs, they may be charged from external
electric power sources (Zorpette, 2004). Because of this significant advance in current
hybrid vehicle technology, PHEVs use more electrical power over longer ranges, which
is highly economical. Therefore, they can outpace most current hybrid vehicles like the
non-plugin version Toyota Prius, which has an average of 50 miles per gallon (MPG) that
is double the fuel economy of the average conventional vehicle (Romm and Frank, 2006).
Moreover, the next generation PHEV, characterized by the integration of predicted traffic
data with PHEV technology, will further improve the fuel efficiency and may render
current HEVs obsolete (Manzie et al., 2007). In order to maximize energy efficiency and
minimize emissions of PHEVs, a power management strategy is needed to
instantaneously manage the power split between the energy sources.
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1.1. PHEV power management strategy
A PHEV may have three different drivetrain architectures, namely series, parallel
and power-split. Similar to the definition in electric circuit, the paths of electric power
and mechanical power are tandem and parallel to each other in the series and parallel
configurations, respectively. The power-split drivetrain (also known as series-parallel
configuration) considered in the PHEV model presented in this paper utilizes a planetary
gear set to provide the power requests at the wheels from the contribution of each power
source, thus providing greater flexibility to the power system. Because of the complexity
of the drivetrain, a sophisticated power management module is needed to maintain the
PHEV at a desired operational state by properly distributing power to the power output
components in order to achieve a high efficiency. One of the power management module
tasks is to monitor the battery state of charge (SOC). HEVs normally operate in “charge
sustaining mode” in which the goal is to keep the SOC within a predefined small range
throughout the duration of a trip (Gong et al., 2009). In PHEV technology, however, the
problem of power management involves utilizing the full range of the battery to achieve
greater energy consumption efficiency and reduced emissions. Typically, the vehicle is
designed to operate in a “charge depleting mode” until the SOC reaches a set limit, and
then the vehicle begins operating again in a “charge sustaining mode” (Gong et al., 2009).
Another strategy known as the “blended mode” involves the use of battery power that is
depleted more evenly throughout the entire trip. Studies (Zhang et al., 2009; Gonder and
Markel, 2007) show the superiority of the blended mode over the charge
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sustaining/charge depleting strategy. Note that in the blended mode, the total length of
travel is a required input for the power management module.
When dealing with the detailed optimization of splitting power between different
sources, Dynamic Programming (DP) has been used to successfully solve the
optimization problem (Pérez et al., 2006). However, it requires beforehand knowledge of
the driving cycle over the entire duration of the trip. Even though it simplifies the
optimization problem in comparison with other methods, it is computationally intensive.
The Equivalent Consumption Minimization Strategy (ECMS) brings “a slightly suboptimal solution” using a much simpler technique (Musardo et al., 2005) in which
equivalence factors are defined to convert electricity into equivalent fuel consumption.
The performance of ECMS is sensitive to equivalence factor values that are based on the
knowledge of the whole driving cycle, thusly making ECMS infeasible for online
operations. The Adaptive Equivalent Consumption Minimization Strategy (A-ECMS),
which uses changeable equivalence factors, is more applicable for online real-time power
management as it has an acceptable computational cost and requires no a priori
knowledge of the entire driving cycle; it adjusts equivalence factors based upon available
time spans of the predicted driving cycle to optimize energy consumption in real time
(Onori et al., 2010).
The power optimization methods including DP and ECMS are based on the
assumption that the accurate knowledge of the driving cycle can be obtained. In the era of
real-time traffic data collection and forecasting, an accurate preview of future traffic and
infrastructure conditions provided by on-line traffic management system can meet
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predictive requirements. Researchers (Castro-Neto et al., 2009; Lee et al., 2009; Min and
Wynter, 2011; He et al., 2011) engaged in traffic prediction studies were able to utilize
ITS infrastructure to predict traffic conditions with an accuracy of over 95%. With such
forecasted information, PHEVs can gradually adjust their operations based on the
predicted driving conditions and save energy (Manzie et al., 2007). In a similar study
(Gong et al., 2009), traffic flow and speed conditions were monitored and predicted with
advanced technologies such as Geographical Information Systems (GIS), Global
Positioning Systems (GPS), and ITS technologies. Studies have also been conducted on
incorporating PHEV power management with ITS, mostly with DP and ECMS which
depend upon the entire or partial knowledge of the trip. The concept of ITS-based DP
was developed (Gong et al., 2007; Gong et al., 2008a; Gong et al., 2008b; Gong et al.,
2009; Bin et al., 2009), in which the computational efficiency was improved (Gong et al.,
2008a), and also in which extra parameters including load change and road grade were
considered (Bin et al., 2009). Two levels of preview information, knowledge of total
travel distance and knowledge of a full profile, were applied with ECMS and DP,
respectively, to yield improvement in energy consumption (Zhang et al., 2009).
This study adopts A-ECMS in a power-split drivetrain PHEV. Several studies
have been conducted on different energy optimization strategies for power-split drivetrain
PHEVs (Borhan et al., 2009; Bashash et al., 2011), but none has integrated power-split
drivetrain PHEV with an A-ECMS. As power-split drivetrains are most commonly used
in real-life PHEVs (Shams-Zahraei and Kouzani, 2009), it is beneficial to apply the realtime applicability of A-ECMS on PHEV drivetrain which can fully utilizes its potential
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with the assistance of a driving profile predictive algorithm for any desired prediction
time horizon within a driving cycle. This study takes a leap forward from previous
studies by integrating power-split drivetrain PHEV and an A-ECMS energy optimization
strategy to make PHEV energy management system more practical and robust.
1.2. Contributions of this research
This research paper details the authors’ efforts to construct an innovative AECMS energy optimization strategy for a power-split drivetrain PHEV system. Unlike
previous studies, which have not integrated A-ECMS with a power-split PHEV system,
this unique combination further expands on the potential of power-split drivetrains with
the assistance of a driving profile prediction. The A-ECMS is unique because it uses
changeable equivalence factors, which is more applicable for online real-time power
management as it only needs predicted speed data for the portion of the driving cycle
where it needs to optimize; thus requires no full knowledge of the entire driving cycle.
The power-split PHEV with A-ECMS is further studied regarding its real world
implementation issues including the window size for energy optimization and the error in
the predictive speed profile. Specifically, the authors identified the optimization window
sizes of A-ECMS for the power-split drivetrain that would yield the greatest energy
savings, and determined the impact of prediction errors on the performance of the
integrated system in order to assess the robustness of system for real world
implementation. At the most fundamental level, the impact of this research lies in the
development of an innovative energy management system for most commonly used

12

PHEV drivetrains that will serve as the beginning of future research yielding results very
close to implementable action plans within years.
1.3. Organization of the paper
This paper is organized as follows: in Section 2, the PHEV energy optimization
strategy, the model implementation and evaluation as well as the driving cycles tested are
presented; in Section 3, the performance of a base-PHEV and the proposed PHEV system,
supported by the information on predicted driving conditions and corresponding energy
optimization strategy are compared. Lastly, in Section 4, conclusions and possible future
research are discussed.
2. Methodology
2.1. PHEV modeling
Mechanical Power

Electric Power

Engine

External Power Source

Power Split Device

MG1

MG2

Battery

Wheel
Figure 2.1 Plug-in Hybrid Electric Vehicle
*MG in the figure is Motor/Generator

An energy flow based vehicle simulator of a PHEV is used to analyze the impact
of different energy management strategies on fuel consumption. The main structure of the
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PHEV in this study is characterized by a power-split drivetrain (Figure 2.1), the detailed
model specifications of which are shown in Table 2.1. To remove the possible effect of
the driver on the vehicle fuel economy for different cycles and energy management
strategies, the model is implemented as a backward model in which the driver’s behavior
is ignored. The vehicle is assumed to accurately follow any given driving cycle, thus
permitting direct calculation of the power request from these cycles.
Table 2.1 PHEV model specification
Total weight
Projected frontal area
Aerodynamic drag coefficient
Rolling friction coefficient
Transmission efficiency
Final gear ratio
Engine power
Motor/Generator1(MG1) power
Motor/Generator2(MG2) power
Battery construction
Battery packs
SOC window

1330 kg
2.16 m2
0.26
0.007
0.98
4.11
57kW @5000rpm
30kW
50kW
168 cells of 6.5-Ah cylindrical battery in series for each
pack
3
30% ~ 80%

A planetary gear set is used to split power between the engine, generator and
motor in order to control the final power output on the wheels. The generator MG1 is
connected to the sun gear and the engine is connected to the ring gear. The electric motor
MG2 and the final drive are then connected to the carrier. To simplify the model, no
power loss in the planetary gear set is assumed, while the speeds of these components
need to satisfy the kinematic constraint:
𝜔𝑀𝐺1 𝑁𝑠𝑢𝑛 + 𝜔𝑀𝐺2 𝑁𝑟𝑖𝑛𝑔 = 𝜔𝐸𝑛𝑔 (𝑁𝑠𝑢𝑛 + 𝑁𝑟𝑖𝑛𝑔 )
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(2.1)

where 𝜔𝐸𝑛𝑔 is the engine speed, 𝜔𝑀𝐺1 is the speed of MG1, 𝜔𝑀𝐺2 is the speed of MG2,
𝑁𝑠𝑢𝑛 and 𝑁𝑟𝑖𝑛𝑔 are the number of teeth of the sun gear and the ring gear respectively. In
this study, 𝑁𝑠𝑢𝑛 = 30 and 𝑁𝑟𝑖𝑛𝑔 =78, thus equation (2.1) becomes
𝜔𝑀𝐺1 = 3.6 𝜔𝐸𝑛𝑔 − 2.6 𝜔𝑀𝐺2

(2.2)

The MG2 and the engine are the predominant sources that provide power to meet
the power request at the wheels; when necessary MG1 charges the battery as a generator
by acquiring energy from the engine during normal driving. When MG2 works as a
generator in the regenerative braking process, however, MG1 runs as a motor to assist the
engine during the engine starting process.

Figure 2.2 Optimal Operating Curve
By constraining the engine to operate at or near the most efficient curve obtained from its
efficiency map (see
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Figure 2.2), the output power of the engine becomes a function of engine speed
𝜔𝐸𝑛𝑔 . Conversely, the high efficiency of both MG1 and MG2 places them under the
constraint of their maximum output power with respect to their speed (𝜔𝑀𝐺1 , 𝜔𝑀𝐺2 ) and
the maximum power the battery can provide.
2.2. Energy management strategy
The proposed power management strategy exploits the flexibility of splitting the
power request between power sources to minimize fuel consumption. As the SOC of the
battery must be maintained in a desired range (typically 0.3–0.8), the objective of the
power management strategy is to solve the following optimization problem:
𝑚𝑖𝑛

{𝑃𝑀𝐺𝑗 ,𝑗=1,2,𝑃𝐸𝑛𝑔 }

∫ 𝑚̇𝑓 (𝜏)𝑑𝜏

(2.3)

with the constraints
𝑃𝑟𝑒𝑞 (𝑡) = 𝑃𝐸𝑛𝑔 (𝑡) + 𝑃𝑀𝐺2 (𝑡) − 𝑃𝑀𝐺1 (𝑡)
𝑃𝐸𝑛𝑔 (𝑡) = 𝑓(𝜔𝐸𝑛𝑔 (𝑡))
𝑃𝑀𝐺𝑗,𝑀𝐼𝑁 (𝜔𝑀𝐺𝑗 (𝑡)), ≤ 𝑃𝑀𝐺𝑗 (𝑡) ≤ 𝑃𝑀𝐺𝑗,𝑀𝐴𝑋 (𝜔𝑀𝐺𝑗 (𝑡)), 𝑗 = 1,2
𝜔𝑀𝐺𝑗,𝑀𝐼𝑁 ≤ 𝜔𝑀𝐺𝑗 (𝑡) ≤ 𝜔𝑀𝐺𝑗,𝑀𝐴𝑋 , 𝑗 = 1,2
0 ≤ 𝜔𝐸𝑛𝑔 (𝑡) ≤ 𝜔𝐸𝑛𝑔,𝑀𝐴𝑋
𝑃𝐵𝑎𝑡,𝑖𝑛𝑝𝑢𝑡,𝑀𝐴𝑋 (𝑡) ≤ 𝑃𝐵𝑎𝑡 (𝑡) ≤ 𝑃𝐵𝑎𝑡,𝑜𝑢𝑝𝑢𝑡,𝑀𝐴𝑋 (𝑡),
𝑆𝑂𝐶𝑀𝐼𝑁 ≤ 𝑆𝑂𝐶(𝑡) ≤ 𝑆𝑂𝐶𝑀𝐴𝑋
where 𝑚̇𝑓 is the fuel flow rate; 𝑃𝑟𝑒𝑞 (𝑡) is the power request at the wheels required to
follow the driving cycle; 𝑃𝑀𝐺1 and 𝑃𝑀𝐺2 are the mechanical power of MG1 and MG2;
𝑃𝑀𝐺1,𝑀𝐴𝑋 , 𝑃𝑀𝐺1,𝑀𝐼𝑁 and 𝑃𝑀𝐺2,𝑀𝐴𝑋 , 𝑃𝑀𝐺2,𝑀𝐼𝑁 are the maximum and minimum power for
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MG1 and MG2, which are functions of 𝜔𝑀𝐺1 and 𝜔𝑀𝐺2 respectively; 𝜔𝑀𝐺1 , 𝜔𝑀𝐺2 , 𝜔𝐸𝑛𝑔
are the speed of MG1, MG2 and the engine respectively; and 𝑃𝐵𝑎𝑡 is the electric power
flow into or out of the battery that is limited by the maximum input power
𝑃𝐵𝑎𝑡,𝑖𝑛𝑝𝑢𝑡,𝑀𝐴𝑋 (𝑡) and the maximum output power 𝑃𝐵𝑎𝑡,𝑜𝑢𝑝𝑢𝑡,𝑀𝐴𝑋 (𝑡). 𝑃𝐵𝑎𝑡 is given by
𝑃𝑀𝐺2 − 𝑃𝑀𝐺1 1 + 𝑠𝑖𝑔𝑛(𝑃𝑀𝐺2 )
𝑃𝐵𝑎𝑡 = (
𝜂𝑝𝑒 ∙ 𝜂𝑏1 ∙ 𝜂𝑀
2
+ (𝑃𝑀𝐺2 − 𝑃𝑀𝐺1 )(𝜂𝑝𝑒
1 − 𝑠𝑖𝑔𝑛(𝑃𝑀𝐺2 ) 1 − 𝑠𝑖𝑔𝑛(𝑃𝑀𝐺2 𝑃𝑀𝐺1 )
𝑃𝑀𝐺2
∙ 𝜂𝑏2 ∙ 𝜂𝑀 )
)
+(
2
2
𝜂𝑝𝑒∙ 𝜂𝑏1 ∙ 𝜂𝑀
− 𝑃𝑀𝐺1 ∙ 𝜂𝑝𝑒 ∙ 𝜂𝑏2 ∙ 𝜂𝑀 )

(2.4)

1 + 𝑠𝑖𝑔𝑛(𝑃𝑀𝐺2 𝑃𝑀𝐺1 )
2

where sign(x) is -1 for x≤0, and 1 for x>0, 𝜂𝑝𝑒 is the power electronics efficiency, 𝜂𝑏1 and
𝜂𝑏2 represents the battery discharging and charging efficiency, and 𝜂𝑀 is the mechanical
efficiency of MG.
Since the concept behind ECMS involves converting the electric power into
equivalent fuel consumption, the global criterion was replaced by a local one. As the
result, the optimization problem can be expressed as:
min

{𝑃𝑀𝐺1,2 ,𝑃𝐸𝑛𝑔 }

𝑚̇𝑓,𝑒𝑞 (𝑡) ∀𝑡

(2.5)

𝑚̇𝑓,𝑒𝑞 (𝑡) = 𝑚̇𝑓,𝐸𝑛𝑔 (𝑡) + 𝑓𝑝𝑒𝑛 𝑚̇𝑓,𝐸𝑆𝑆,𝑒𝑞 (𝑡)

(2.6)

where 𝑚̇𝑓,𝑒𝑞 is the total equivalent fuel consumption, 𝑚̇𝑓,𝐸𝑛𝑔 is the fuel consumption from
the engine, and 𝑚̇𝑓,𝐸𝑆𝑆,𝑒𝑞 is the equivalent fuel consumption for the electric power from
the battery given by
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𝑚̇𝑓,𝐸𝑆𝑆,𝑒𝑞 = (𝑆𝑐ℎ𝑔

𝑃𝑀𝐺2 − 𝑃𝑀𝐺1 1 + 𝑠𝑖𝑔𝑛(𝑃𝑀𝐺2 )
𝜂𝑝𝑒 ∙ 𝜂𝑏1 ∙ 𝜂𝑀
2

+ 𝑆𝑑𝑖𝑠 (𝑃𝑀𝐺2 − 𝑃𝑀𝐺1 )(𝜂𝑝𝑒
∙ 𝜂𝑏2 ∙ 𝜂𝑀 )

1 − 𝑠𝑖𝑔𝑛(𝑃𝑀𝐺2 ) 1 − 𝑠𝑖𝑔𝑛(𝑃𝑀𝐺2 𝑃𝑀𝐺1 )
)
2
2

+ 𝛽 (𝑆𝑐ℎ𝑔

1 + 𝑠𝑖𝑔𝑛(𝛽)
2

+ 𝑆𝑑𝑖𝑠
𝛽=

(2.7)

1 − 𝑠𝑖𝑔𝑛(𝛽) 1 + 𝑠𝑖𝑔𝑛(𝑃𝑀𝐺2 𝑃𝑀𝐺1 )
)
2
2

𝑃𝑀𝐺2
− 𝑃𝑀𝐺1 ∙ 𝜂𝑝𝑒 ∙ 𝜂𝑏2 ∙ 𝜂𝑀
𝜂𝑝𝑒∙ 𝜂𝑏1 ∙ 𝜂𝑀

(2.8)

where 𝑆𝑐ℎ𝑔 and 𝑆𝑑𝑖𝑠 are the equivalent gain and cost in terms of fuel, respectively, for
charging and discharging, and 𝑓𝑝𝑒𝑛 is a penalty function (Zhang et al., 2009) to ensure
SOC does not exceed the allowable range
3 )
𝑓𝑝𝑒𝑛 = (1 − 𝑥𝑆𝑂𝐶
− 0.001𝐼𝑠𝑜𝑐

where 𝑥𝑆𝑂𝐶 =

2𝑆𝑂𝐶−(𝑆𝑂𝐶𝑀𝐴𝑋 +𝑆𝑂𝐶𝑀𝐼𝑁 )
𝑆𝑂𝐶𝑀𝐴𝑋 −𝑆𝑂𝐶𝑀𝐼𝑁

(2.9)

𝑇

, 𝐼𝑆𝑂𝐶 = ∫0 𝑥𝑆𝑂𝐶 (𝑡)𝑑𝑡 in which T is the time

duration of the target trip.
There were two modes implemented with ECMS: Depleting-Sustaining mode and
Blended mode, each of which exhibits additional control logic and SOC constraints as
described in Sections 2.2.1 and 2.2.2. Note that SOC ranges for both modes were
between 0.3 and 0.8, which were considered as deep cycle. The typical life time for the
deep cycle battery of a PHEV with All Electric Range (AER) of 20 miles is 2400 deep
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cycles (Axsen et al., 2008). Considering that battery completed two deep cycles per day
and the PHEV works 330 days per year, the battery life was about 3.6 years.
2.2.1. Depleting–Sustaining mode
The charge depleting and charge sustaining modes encompass the Depleting–
Sustaining mode. During charge depletion, the electric power from the battery was used
as much as possible to achieve fuel efficiency. The engine only provides extra power
when the power request cannot be met merely by using MG2 while MG1 works as a
motor in the engine-start process to assist the engine start. Otherwise, all of the power
was provided by MG2. When MG1 and MG2 power originates from the battery, the
battery can only be charged during the regenerative braking process. The SOC will then
eventually decrease to a certain threshold (0.4 in this search, to keep the SOC from
dropping too low while ensuring adequate capacity); the status then shifts to charge
sustaining.
The SOC then becomes one of the constraints to prevent battery power depletion,
with a target range between 0.3 and 0.4. In order to sustain the SOC, the electric power
used in the process must be replenished mainly via the MG1, the power of which comes
from the engine through the power split device.
2.2.2. Blended mode
PHEVs can achieve higher fuel efficiency by extending the length of the battery
depletion, which means the engine can be turned on to charge the battery (via MG1),
instead of waiting for the battery to reach the minimum SOC, as in the depletion mode.
This process, known as the blended mode, is a combination of both the charge depleting
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and charge sustaining modes. In order to achieve this behavior using ECMS, the desired
SOC range at each instance can be described as a function of the total trip distance and
the distance traveled (Zhang et al., 2009) as follows
𝑆𝑂𝐶𝑑 (𝑡) = 𝑆𝑂𝐶𝐸𝑛𝑑 +

𝑥𝑡 − 𝑥
(𝑆𝑂𝐶𝑆𝑡𝑎𝑟𝑡 − 𝑆𝑂𝐶𝐸𝑛𝑑 )
𝑥𝑡

(2.10)

where 𝑆𝑂𝐶𝑆𝑡𝑎𝑟𝑡 , 𝑆𝑂𝐶𝐸𝑛𝑑 are the SOC at the start and at the end of the trip, which for our
purposes were considered to be 0.8 and 0.35 respectively; 𝑥𝑡 is the total trip distance; 𝑥 is
the distance traveled, and 𝑆𝑂𝐶𝑑 is the desired SOC. In this case, the minimum and
maximum SOC cannot be set constant, but must be redefined as functions of 𝑆𝑂𝐶𝑑 . A
reasonable choice is to select 𝑆𝑂𝐶𝑚𝑎𝑥 = 𝑆𝑂𝐶𝑑 + 0.05 and 𝑆𝑂𝐶𝑚𝑖𝑛 = 𝑆𝑂𝐶𝑑 − 0.05 .
2.3. Driving Cycles
The UDDS, HWFET, and US06 EPA Dynamometer Driving Schedules (U.S.
Environmental Protection Agency, 2010) were the standing driving cycles used
throughout this study (see Figure 2.3). The Urban Dynamometer Driving Schedule
(UDDS), or “the city test,” which has a total length of 7.45 miles and an average speed of
19.59 mph, was used to represent typical driving conditions of light duty vehicles in the
city. The Highway Fuel Economy Driving Schedule (HWFET), with a higher average
speed of 48.3 mph and 10.26 miles in total length, was used to represent highway driving
conditions. The US06 driving schedule (i.e. “Supplemental FTP,”) with a total length of
8.01 miles and average speed of 48.37 mph contains high acceleration and deceleration
data, and was used to represent aggressive driving behaviors. The standard cycles were
extended to 25, 50, 75, 100 and 150 miles by replication. Driving cycles from a calibrated
and validated simulation network were also used in this study to verify the results
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achieved from standard cycles. A freeway segment consisting of 32 miles of I-85 from
Greenville to Spartanburg, South Carolina was constructed in PARAMICS and calibrated
with the traffic volumes collected from the field. Ten testing driving cycles were
randomly selected in the cycles generated in this network (three examples are shown in
Figure 2.4).
2.4. Test Parameters
A-ECMS utilizes predicted traffic information within a certain time interval, which
was defined as the optimization time window in this paper, to obtain the corresponding
equivalence factors for the interval. The driving cycles were then divided into lengths,
which match the optimization time window sizes and entered them into the power
management module of the PHEV. To consider the realistic predictions of cycle lengths,
10, 20, 30, 60, 120, 240, 300, 360, 480 and 600 seconds window sizes were used in this
paper.
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Figure 2.3 Standing Driving Cycles
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Figure 2.4 Sample Simulation Cycles
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3. Analysis of Performance
3.1. Baseline PHEV performance
70.00
60.00

Mile Per Gallon

50.00
40.00
30.00
20.00
10.00
0.00

HWFET

UDDS

US06

25 miles

57.69

39.79

45.85

50 miles

57.81

36.62

45.05

75 miles

56.38

35.13

44.72

100 miles

56.62

34.81

44.61

150 miles

56.18

34.32

44.44

Figure 2.5 Baseline PHEV Performances
For comparison, a baseline PHEV was developed to operate on Depleting –
Sustaining mode with fixed equivalence factors. The performance for different travel
lengths and different cycles of the baseline PHEV is shown in Figure 2.5. Here, the MPG
trends downward with an increase in the total length of travel time because the high MPG
controls the depletion stage, which compensates less for the charge sustaining stage as the
total length of travel becomes longer. The all-electric range (AER), which is the total
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mileage that a PHEV with fully charged battery can operate in charge depleting mode,
yielded a baseline of 22.66 miles for HWFET, 22.74 miles for US06 and 18.93 miles for
UDDS, respectively. As the PHEV parameters used in this study were similar to standard
PHEV energy storage system designs (Markel and Pesaran, 2006), we determined that
UDDS exhibits less MPG consumption than either HWFET or US06. Conversely,
HWFET, with a similar full electric range to US06, exhibited superior performance to
US06 because of its less aggressive driving cycle.
Note that the average speed for HWFET, UDDS and US06 is 48.3 mph, 19.59
mph and 48.37 mph, respectively. Since the regenerative braking only operates above a
certain speed threshold (e.g., 16 mph), below this threshold mechanical braking was also
involved to slow the vehicle, which means that both HWFET and US06 were better
suited to recharge the battery because they average a higher speed than UDDS. This
greater speed was a primary reason that HWFET and US06 exhibit greater MPGs than
the HWFET system.
3.2. Optimization window size
The optimization window size influences the optimization performance since it
determines the flexibility that 𝑆𝑐ℎ𝑔 and 𝑆𝑑𝑖𝑠 can change during the driving cycle.
Generally speaking, the flexibility decreases by increasing the window size. However,
longer time span of prediction cycle is available for energy optimization if the window
size is larger. Under the influence of these two factors, the performance curves fluctuate
instead of either monotonously increasing or decreasing with the window size as shown
in Figure 2.6.
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Figure 2.6 Performance Improvement Curves
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640

UDDS DS
US06 Blended

Table 2.2 contains the optimal size for each cycle, mode and total length of travel.
While no obvious effects of the total length of travel on the best window size were
evident, the best window sizes were higher in the Depleting–Sustaining mode than in
the Blended mode for both HWFET and UDDS, but not US06. Note that in the
Depleting–Sustaining mode, the optimization was only conducted during the Charge
Sustaining phase, with a SOC range of only 0.3–0.4, which was much smaller than the
0.3–0.8 range used in the Blended mode. Since the flexibility to distribute battery power
was limited by the SOC range in the Charge Sustaining phase, the available battery
power exerts a greater influence on optimization performance. In the Blended mode,
however, the flexibility dominates because of a much greater SOC range. For US06,
greater flexibility was needed for managing more frequent change in speed profile.
Consequently, the best window sizes were small for US06 in both Blended and
Depleting–Sustaining modes.
Table 2.2 Best window sizes (in seconds)
Total Length of Travel(miles)
DS
HWFET
Blended
DS
UDDS
Blended
DS
US06
Blended

25
30
10
30
10
10
10

50
30
10
30
10
10
10

75
30
10
30
10
10
10

100
30
10
30
10
10
10

150
10
10
30
20
10
10

Table 2.3 shows the average data for the ten selected simulation cycles. The result
of the best window size basically confirms the result for HWFET in Table 2.2. Though
the difference between the simulation cycles and HWFET does not yield identical savings,
it does follow a similar pattern: savings increase with the total length of travel for both
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the Depleting–Sustaining and the Blended modes, and the performance of the Blended
mode was inferior to the Depleting–Sustaining mode when the total length of travel was
25 miles.
Table 2.3 Performance on Simulation Cycles
Total Length of Travel (miles)
Saving (%)
DS
Best window size (s)
Saving (%)
Blended
Best window size (s)

25
1.36
14
-6.40
11

50
2.71
24
2.17
17

75
2.96
28
5.59
18

100
3.23
29
5.67
12

150
3.26
27
6.33
11

The improvement of optimization with respect to the Baseline PHEV utilizing the
best optimization window size is shown in Figure 2.7. Though the percentage of
improvement increases with the total length of travel, the upward trend slows when the
total length of travel enters the 100–150 mile range due to limited battery capacity.
Although regenerative braking can replenish the battery, the system was far from
conservative since the continuous energy loss that characterizes this process eventually
drains the battery. When the total length of travel increases, the flexibility of distributing
the battery power in turn decreases, thus limiting optimization performance. In some
extreme cases (e.g., a Depleting–Sustaining mode for 100 miles and 150 miles in UDDS
cycles as described in this paper) the performance will also decrease.
Because the baseline PHEV achieved the lowest MPG in UDDS cycles, the most
substantive optimization was achieved for these cycles within the total length of travel
described, with substantial capacity for improvement. Conversely, because of its
relatively smooth driving behavior, HWFET exhibited unrivaled MPG. Finally, the

28

moderate baseline PHEV MPG and aggressive driving behavior for US06 showed the
smallest improvement.
35.00
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HWFET
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3.07

20.26
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1.31
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2.26
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24.72
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11.34

27.38

4.35
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9.31
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3.17

14.00

30.51

5.67
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9.48

26.59

3.42

14.11

30.64

6.69
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3.46

14.82

31.14
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Figure 2.7 Performance Improvement

By comparing the performance of the Depleting–Sustaining and Blended modes
shown in Table 2.4, we can see that the improvement achieved by implementing the
Blended mode increases with the total length of travel. When the total length of travel
was a distance of 25 miles, the Depleting–Sustaining mode performance was close to or
even better than the Blended mode. As mentioned above, the full electric range for
modeled PHEVs was at approximately 20 miles for these cycles, indicating an
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approximately 5 mile extension of the battery’s range when the total trip length was 25
miles. Consequently, the advantage of the blended mode was not fully extendable.
Table 2.4 Improvement of Blended Mode compared to the Depleting-Sustaining Mode
25 miles
50 miles
75 miles
100 miles
150 miles

HWFET
-1.74%
3.93%
4.11%
4.06%
4.30%

UDDS
-4.07%
2.09%
2.47%
3.10%
13.26%

US06
0.76%
1.51%
2.36%
3.06%
3.94%

3.3. Prediction Error
Although the traffic prediction accuracy can be as high as 95% with different
algorithms as reported in many recent studies (Castro-Neto et al., 2009; Lee et al., 2009;
Min and Wynter, 2011; He et al., 2011), it is important to evaluate the performance of the
combination system developed in this study for a range of errors that may occur in the
prediction of speed profiles in the real world. While the analysis shown earlier in the
paper assumed a 0% error in the prediction of speed profiles, this section shows the
impact of error rates on the fuel consumption of power-split PHEV systems. Here, the
authors assumed that the prediction error rates could vary between 0% and 20%.
The Mean Absolute Percentage Error (MAPE) was used to measure the error rate
in this section. It is defined as:
𝑛

|𝑦𝑖 − 𝑦̂|
1
𝑖
𝑀𝐴𝑃𝐸 = ∑
𝑛
𝑦𝑖

(2.11)

𝑖=1

in which 𝑦𝑖 is the actual value and 𝑦̂𝑖 is the predicted value.
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HWFET
UDDS
US06
*

Table 2.5 Fuel Consumption Improvement versus Error Rate*
MAPE
0%
5%
10%
15%
20%
Improvement
2.98%
0.81%
1.61%
1.92%
2.73%
25 miles
Degradation
0.00%
-2.17%
-1.37%
-1.06%
-0.25%
Improvement
6.51%
5.50%
5.72%
3.72%
3.72%
50 miles
Degradation
0.00%
-1.01%
-0.79%
-2.79%
-2.79%
Improvement
8.52%
4.89%
4.26%
4.26%
4.26%
75 miles
Degradation
0.00%
-3.63%
-4.26%
-4.26%
-4.26%
Improvement
8.66%
6.45%
5.91%
5.91%
5.91%
100 miles
Degradation
0.00%
-2.21%
-2.75%
-2.75%
-2.75%
Improvement
9.00%
8.04%
7.51%
7.46%
7.51%
150 miles
Degradation
0.00%
-0.96%
-1.49%
-1.54%
-1.49%
Improvement 20.26% 16.02% 16.66% 16.68% 16.16%
25 miles
Degradation
0.00%
-4.24%
-3.60%
-3.58%
-4.10%
Improvement 24.72% 22.39% 23.16% 21.44% 22.87%
50 miles
Degradation
0.00%
-2.33%
-1.56%
-3.28%
-1.85%
Improvement 27.29% 26.00% 25.95% 26.16% 25.96%
75 miles
Degradation
0.00%
-1.29%
-1.34%
-1.13%
-1.33%
Improvement 26.59% 23.12% 22.78% 24.24% 22.06%
100 miles
Degradation
0.00%
-3.47%
-3.81%
-2.35%
-4.53%
Improvement 13.76% 10.41%
8.67%
11.19%
7.45%
150 miles
Degradation
0.00%
-3.35%
-5.09%
-2.57%
-6.31%
Improvement
3.07%
0.90%
1.70%
2.01%
2.82%
25 miles
Degradation
0.00%
-2.17%
-1.37%
-1.06%
-0.25%
Improvement
6.96%
5.95%
6.17%
4.19%
4.19%
50 miles
Degradation
0.00%
-1.01%
-0.79%
-2.77%
-2.77%
Improvement
9.31%
5.72%
5.09%
5.09%
5.09%
75 miles
Degradation
0.00%
-3.59%
-4.22%
-4.22%
-4.22%
Improvement
9.48%
7.29%
6.76%
6.76%
6.76%
100 miles
Degradation
0.00%
-2.19%
-2.72%
-2.72%
-2.72%
Improvement
9.89%
8.94%
8.41%
8.36%
8.41%
150 miles
Degradation
0.00%
-0.95%
-1.48%
-1.53%
-1.48%
All the improvement values in the table are the improvement of the combination of AECMS and PHEV comparing to base PHEV; All degradation values in the table are
degradations in improvement of energy consumption with respect to 0% error rate in
speed prediction for corresponding cases.
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The performance of the A-ECMS for the power-split drivetrain PHEV depended
on the equivalence factors which were determined by the predicted driving cycles. As a
result of the errors in the predicted cycles, the performance of optimization, in terms of
improvement in energy consumption, is expected to decrease because of the deviation of
equivalence factors, as the results in

Table 2.5 clearly indicate. However, there was no clear link between the degradation of
improvement in fuel consumption with either the error rate or total mileage traveled; even
with degradation in performance, the A-ECMS energy optimization strategy for the
power-split drivetrain PHEV system still achieved energy savings, which is evidence of
its robustness.
4. Conclusion
In this paper, the authors present an innovative A-ECMS energy optimization
strategy for a power-split drivetrain PHEV system that utilizes predictive traffic
information. With this model, important issues related to real life implementation were
evaluated with an analysis of the impacts of optimization window size and the prediction
errors on the model’s performance in energy savings. The best optimization window size,
involving a combination of different cycles, total travel lengths and operating modes, was
identified and validated for this A-ECMS energy optimization strategy with the powersplit drivetrain PHEV system scheme. The selected window sizes were then used to
improve the proposed PHEV system performance for all cycles analyzed in this study.
The analysis showed that the vehicle exhibited an improvement of 14–31% for the
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UDDS, followed by a 1–15% improvement for the HWFET and a 1–8% improvement
for the US06, depending upon the total length of travel and operating modes. Also, an
impact study of the different prediction errors on the PHEV power management strategy
showed no clear relationship between error rate and the performance of that strategy.
However, despite the degradation of performance caused by prediction errors, the AECMS energy optimization strategy still yielded substantive energy savings, which was
an indication of the robustness of the model.
Although several studies have been conducted related to the incorporation of the
PHEV power management with predictive traffic data, none have been conducted for the
ECMS with power-split drivetrain, which is the most common form of PHEV drivetrain,
as presented in this paper. The authors implemented an A-ECMS in a power-split
drivetrain PHEV model that utilizes a predictive driving profile. The adoption of this AECMS energy optimization strategy for a power-split drivetrain PHEV system, in
addition to being suitable for real-time energy management applications, leads to even
greater benefits in energy consumption delivered by plug-in hybrid electric vehicles.
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CHAPTER THREE
FORWARD POWER-TRAIN ENERGY MANAGEMENT MODELING FOR
ASSESSING BENEFITS OF INTEGRATING PREDICTIVE TRAFFIC DATA
INTO PLUG-IN-HYBRID ELECTRIC VEHICLES
Abstract
In this paper, a forward power-train plug-in hybrid electric vehicle model with an
energy management system and a cycle optimization algorithm is evaluated for energy
efficiency. Using wirelessly communicated predictive traffic data for vehicles in a
roadway network, as envisioned in intelligent transportation systems, traffic prediction
cycles are optimized using a cycle optimization strategy. This resulted in 56–86% fuel
efficiency improvements for conventional vehicles. When combined with the plug-in
hybrid electric vehicle power management system, about 115% energy efficiency
improvements were achieved. Further improvements in the overall energy efficiency of
the network were achieved with increased penetration rates of the intelligent
transportation assisted enabled plug-in hybrid electric vehicles.
1. Introduction
According to a report (U.S. Energy Information Administration, 2010), global
conventional fuel consumption in the transportation sector continues to increase and daily
oil consumption is expected to reach 60 million barrels by 2035; 61% of the projected
world’s oil output. One method to reduce this level of consumption is to utilize new
technologies to improve fuel efficiency. At the micro level, hybrid electric vehicle (HEV)
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is an alternative to conventional vehicle that reduce fuel consumption, especially in urban
driving where there is frequent acceleration/deceleration and stop-and-go. Consequently,
HEV sales in the US have steadily increased in recent years and more manufacturers are
now introducing various HEV models into the market (U.S. Department of Energy, 2011).
The plug-in hybrid electric vehicle (PHEV) is one type of HEV that can be plugged into
the electrical grid to charge its battery to increase the use of the electrical energy and
achieve even higher overall energy efficiency.
At the transportation system’s management level, intelligent transportation
systems (ITS) consist of technologies capable of improving safety, security, and the
effective capacity of the network. One way ITS may reduce the environmental impact of
traffic is by targeting driver behavior by reducing frequent rapid acceleration and
deceleration. With capability of ITS to collect real-time traffic data, traffic predictions are
easier, and using ITS’s communication capabilities this information has the potential to
be used to further minimize PHEV energy usage (He et al., 2011).
Here an ITS-enabled PHEV system is developed that can utilize predicted traffic
information, generated and communicated through ITS, to optimize energy consumption.
Future speed profiles can be generated with the combination of roadway realtime traffic
sensor data and predictive algorithms (Eisenman et al., 2006; Ma et al., 2009). The
optimization process involves modifying driving cycles by utilizing algorithms to reduce
frequent acceleration/deceleration behavior; and then transmitting the optimal cycle to the
power management system of the PHEV to calculate the ideal working status of each
component.
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2. PHEV model and conventional vehicle model
As with conventional HEV, PHEVs contain an internal combustion engine (ICE)
or fuel cell, an electric motor and an energy storage system. They are unique because
they can be plugged into the electrical grid to charge the battery. PHEVs can be classified
as series, parallel and power-split by their power-train architecture. In the series powertrain the power output components, the electric motor/generator and the engine, are in
series; the electric motor is connected to the wheel and the engine can indirectly output
power to the wheels by charging the battery. Similarly, the power components in the
parallel power-train are parallel to each other so that they can both directly output power
to the wheels. The power-split powertrain, which is considered, is a mix of the two.
In terms of simulation, PHEV can be modeled using backward or forward
approaches (Guzzella and Sciarretta, 2007). In the former, the simulation proceeds with
the power request backward from the vehicle’s wheels assuming that the velocity profile
defined by the driving cycle is always met, which is not true in the real world. Using the
forward modeling approach, which is more realistic, simulation proceeds with the power
request forward from the driver to the wheels. It includes modeling of a driver block to
calculate the error between the velocity profile defined by the driving cycle, and the
current speed, according to which, the block gives the throttle and brake commands.
To facilitate the on-board implementation of an energy management strategy, a
simulator of the forward-looking model of PHEVs with power-split drive trains was
implemented in Matlab/Simulink. The main components and parameters were based on
the Toyota Prius second generation PHEV (Table 3.1). The detailed structure of the
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model is shown in Figure 3.1. Power demand from the wheels is split by a planetary gear
set (PGS) to two motor-generators (MGs) and an ICE. The ICE only outputs power to
PGS but both MGs can work in either motor or generator mode. The MG1 works a
generator to charge the battery when the state of charge (SOC) of the battery is low and
outputs power as a motor to assist engine start process.
Table 3.1 Main Parameters of the Power-Split Power-train
Parameter
Vehicle Mass
Aerodynamic Drag Coefficient
Vehicle Frontal Area
Rolling Resistance Coefficient
Wheel Radius
Density of Air
Acceleration due to Gravity

Symbol
m
Cd
Af
Cr
R
ρ
g

Value
1330kg
0.26
2.16m2
0.007
0.3175m
1.2kg/m3
9.81m/s2

Figure 3.1 Block Diagram of a Power Split HEV

The MG2 outputs power as a motor in normal driving while it retrieves power as
a generator in regenerate braking process. Based on commands from the driving block,
the power requested is calculated and given as an input to a supervisory controller that
contains a control strategy to minimize fuel consumption, as well as meet the power
demand while maintaining the drivability (Sharer et al., 2008). Thus, the controller
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calculates the optimal power-split among the components with the power routed through
the power-train to the wheels. The controller under several criteria determines the
proportion of power on each component; (a) the power request from the wheel is met
within the limit of the system, (b) the SOC of the battery is within preferred range, and (c)
each component operates within desired efficiency zone. With these criteria, overall fuel
efficiency of the PHEV is optimized based upon the equivalent fuel consumption
minimization strategy (ECMS) (Pisu et al., 2006).
A conventional vehicle model was also built for comparison with the ITS-enabled
PHEVs. For comparability, the parameters of the conventional vehicle model were the
same as the PHEV except the engine power was doubled to compensate for the fact that
the conventional vehicle does not have an electric motor to provide additional power.
3. Cycle Optimization Algorithm
The construction of the driving cycle optimization started with car following. The
primary factors that affect driver behavior in this context are the absolute speed of a
vehicle and its relative speed with respect to the vehicle immediately in front. If a traffic
prediction of a downstream location is accurate, and the speed of a vehicle approaching
the location can be adjusted to the predicted speed, the relative speed between
approaching and downstream vehicles is zero; no more acceleration or deceleration for
the vehicle is required when it reaches the downstream location.
Vehicle acceleration/deceleration within the optimization horizon 𝑇 is a function
of time 𝑎(𝑡), thus vehicle speed 𝑣 can be defined as:
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𝑣 = 𝑓(𝑡) = ∫ 𝑎(𝑡)𝑑𝑡

(3.1)

For each optimization horizon, the initial speed is fixed to the speed at the end of
the previous optimization horizon; the distances are the same before and after
optimization. These constraints can be expressed as:
𝑓(𝑡𝑜 ) = 𝑣0

(3.2)

𝑓(𝑡𝑜 + 𝑇) = 𝑣𝑝

(3.3)

∫

𝑡𝑜 +𝑇

𝑓(𝑡)𝑑𝑡 = 𝑠

(3.4)

𝑡0

where 𝑡𝑜 is the time at the beginning of the current optimization horizon, T is the length
of the optimization horizon, 𝑣0 is the speed of the vehicle at the beginning of the current
optimization horizon and also the final speed of the previous horizon, 𝑣𝑝 is the predicted
speed at time 𝑡𝑜 + 𝑇, and 𝑠 is the distance between the current location and the predicted
location at 𝑡𝑜 + 𝑇.
Acceleration/deceleration is considered to be a constant when the driver follows
the cycle; i.e.
𝑎=

𝑣𝑝2 − 𝑣02
2𝑠

(3.5)

then the vehicle speed function becomes
𝑣 = 𝑓(𝑡) = 𝑣0 + 𝑎 𝑡
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(3.6)

Figure 3.2 Cycle Optimization
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In Figure 3.2, comparisons between a segment of the simulation cycle and its
optimized cycle are shown for three optimization horizons: 30 (OP30), 60 (OP60) and
120 (OP120) s, which are typical short-range traffic prediction lengths. As the figure
shows, the aggressiveness in driving behavior portrayed by the absolute value of the
acceleration/deceleration rates, declines as the optimization horizon increases, creating a
smoother profile.
4. Analysis
Driving cycles were generated from a pre-calibrated simulation network of the
Greenville – Spartanburg area in South Carolina in the US. The demand was increased
200% to simulate congested conditions. The network was then configured to output
vehicle trajectory data for the analysis.
Table 3.2 PHEV vs Conventional Vehicle
Conv(MPG) PHEV(MPG)
18.82
31.81
1
17.80
59.36
2
12.64
38.06
3
12.75
34.20
4
15.14
23.26
5
10.33
24.04
6
13.22
33.47
7
12.45
25.99
8
11.46
28.72
9
8.09
21.62
10
29.27
Average 13.64

Improvement
69.00%
233.40%
201.13%
168.14%
53.61%
132.71%
153.25%
108.73%
150.59%
167.19%
114.57%

Fuel efficiency in miles per gallon (mpg) was calculated for the conventional
vehicle and PHEV using ten cycles randomly selected from the simulation shown in
Table 3.2. The initial SOC of PHEV was set at 0.46, forcing the PHEV to work as an
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HEV in charge sustaining mode allowing analysis of the performance of the power
management system. The PHEV outperformed the conventional vehicle with an average
mpg improvement of 115% while the largest improvement rate was over 230%.
Table 3.3 Difference in Travel Time
OP30
10.98%
1
0.03%
2
4.44%
3
4.63%
4
12.80%
5
3.88%
6
-0.12%
7
2.46%
8
0.34%
9
1.38%
10
Average 4.25%

OP60
2.23%
2.04%
5.69%
1.24%
3.48%
-3.11%
1.30%
8.91%
0.00%
-1.77%
2.39%

OP120
5.69%
0.00%
0.99%
2.08%
-0.03%
-5.91%
0.00%
9.52%
0.00%
-1.10%
1.29%

The difference in travel times between the original and optimized cycles are
shown in Table 3.3. Although the values vary among vehicles: 0–13% for the 30 s
horizon, 3% to 9% for the 60 s horizon and _6% to 10% for the 120 s horizon, the
average difference between the cycles decreases as the horizon time increases.
The same ten simulation cycles were also used to test the performance of the
cycle optimization algorithm. To remove the influence of the PHEV system and focus on
the algorithm, a conventional vehicle model was used. The performance in terms of mpg
and the corresponding improvement is shown for optimization horizons in Table 3.4.
Improvements are seen with respect to the fuel efficiency of conventional vehicles on the
original simulation cycles. Although the performance varies among driving cycles with a
few of them exhibiting a slight decrease in efficiency, the average improvement in fuel
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efficiency is significant: 54% for the 30 s horizon, 78% for the 60 s horizon and 86% for
the 120 s horizon.
Table 3.4 Cycle Optimization Performance on Conventional Vehicle
1
2
3
4
5
6
7
8
9
10
Average

Original
(MPG)
18.82
17.80
12.64
12.75
15.14
10.33
13.22
12.45
11.46
8.09
13.64

OP30
(MPG)
33.36
14.91
22.62
19.20
29.55
11.58
14.82
21.19
7.60
10.24
20.99

Improve
ment
77.23%
-16.24%
79.00%
50.50%
95.14%
12.08%
12.15%
70.18%
-33.69%
26.59%
53.86%

OP60
(MPG)
43.44
15.56
23.12
23.28
40.12
13.97
14.13
22.74
7.13
10.51
24.24

Improve
ment
130.76%
-12.59%
82.94%
82.51%
164.98%
35.21%
6.89%
82.60%
-37.80%
29.83%
77.70%

OP120
(MPG)
44.45
12.15
27.89
24.49
48.23
14.38
11.40
25.12
9.61
9.05
25.36

Improve
ment
136.14%
-31.75%
120.64%
92.01%
218.53%
39.19%
-13.77%
101.76%
-16.16%
11.79%
85.90%

Even better performance was achieved for the ITS-enabled PHEV by integrating
the cycle optimization algorithm with the PHEV power management system (Table 3.5).
Although the PHEV standalone system already exhibited relatively high mpg within
simulation cycles in congested traffic conditions, over a 100% average improvement was
obtained for all optimization horizons with the use of ITS compared to the PHEV without
cycle optimization. Like conventional vehicles, the 120 s horizon has the highest average
fuel efficiency of 63.37 mpg, compared to 62.94 mpg for 60 s and 62.93 mpg for 30 s.
Despite the substantially improved fuel efficiency with ITS for both the
conventional vehicle and PHEV, the increase is most insignificant when the optimization
horizon increases. This is mainly because, regardless of the horizon length, the cycle
optimization already prevents the “unnecessary” acceleration and deceleration that is the
major cause of poor fuel efficiency.
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Table 3.5 ITS-enabled PHEV Performance with Cycle Optimization
1
2
3
4
5
6
7
8
9
10
Average

Original
(MPG)
31.81
59.36
38.06
34.20
23.26
24.04
33.47
25.99
28.72
21.62
29.27

OP30
(MPG)
64.15
65.10
64.99
60.08
61.00
56.12
43.43
80.83
49.80
65.28
62.93

Improve
ment
101.63%
9.67%
70.77%
75.67%
162.24%
133.40%
29.75%
210.99%
73.40%
201.91%
114.95%

OP60
(MPG)
72.55
71.31
67.99
55.44
54.23
57.33
68.66
70.28
40.09
68.05
62.94

Improve
ment
128.03%
20.12%
78.63%
62.10%
133.15%
138.44%
105.16%
170.39%
39.61%
214.71%
114.99%

OP120
(MPG)
67.02
66.53
59.37
57.18
74.69
64.37
35.74
65.27
43.12
64.45
63.37

Improve
ment
110.65%
12.07%
55.99%
67.21%
221.13%
167.73%
6.80%
151.13%
50.15%
198.08%
116.46%

To observe the impact of the ITS-enabled PHEV on traffic networks, 821 driving
cycles from the simulation, composed of 9186 travel miles, were used. Several
penetration rates of ITS-enabled PHEVs were also tested, the performance of which is
shown in Table 3.6, which specifies the corresponding fuel consumption of PHEVs and
conventional vehicles for different penetration rates of ITS-enabled PHEVs. Vehicles
were randomly selected to be ITS-enabled PHEVs and the SOC for each ITS-enabled
PHEV was chosen as a random number between 0.44 and 0.8 to represent realistic
conditions. As can be seen, high fuel efficiency was retained for the ITS-enabled PHEVs
with all penetration rates; thus the average mpg for all cycles increases with an increase
in the penetration rate of ITS-enabled PHEVs as expected.
The analyses suggests energy savings can be achieved in any regional traffic
network with increased penetration rates of ITS-enabled PHEV that utilize the proposed
forward power-train PHEV model with an energy management system and cycle
optimization algorithm.
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Table 3.6 Network Performance with Different Penetration Rates of ITS-enabled PHEV
Type
Fuel(gal)
Dis(mile)
MPG
Conventional Fuel(gal)
Dis(mile)
MPG
Fuel(gal)
Total
Dis(mile)
MPG
Improvement
ITS-enabled
PHEV

0%
0
0
-510.87
9185.97
17.98
510.87
9185.97
17.98

ITS-enabled PHEV Penetration Rate
1%
5%
10%
20%
0.96
5.58
11.82
24.57
60.98
413.11
880.91
1829.71
63.32
74.03
74.54
74.48
507.92
487.89
461.32
410.06
9124.93
8772.42
8303.83
7352.31
17.97
17.98
18.00
17.93
508.88
493.47
473.14
434.63
9185.91
9185.53
9184.75
9182.02
18.05
18.61
19.41
21.13
0.39%
3.52%
7.86%
17.52%

5. Conclusions
It has been found that an integrated system that utilizes ITS and PHEV
technologies demonstrates much greater fuel efficiency than conventional vehicles. With
the help of available ITS communication capabilities, traffic prediction data can be sent
to the ITS-enabled PHEV for optimization of its power management system. The
predicted cycles were first optimized using a cycle optimization strategy, which resulted
in energy efficiency improvements of 54 – 86% for conventional vehicles. When
combined with the power management of PHEVs, the energy efficiency improvements
increased to about 115%. A system penetration study suggests that the impact of
increased penetration of ITS-enabled PHEVs on a roadway network adds to the
improvement in overall fuel efficiency.
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CHAPTER FOUR
MERGING MOBILITY AND ENERGY VISION WITH HYBRID ELECTRIC
VEHICLES AND VEHICLE INFRASTRUCTURE INTEGRATION
Abstract
As the U.S. federal government is seeking useful applications of VehicleInfrastructure Integration (VII) and encouraging a greener and more efficient automobile
industry, this paper demonstrated a path to meet the national transportation goal via VII.
An impact study was conducted in a midsize U.S. metropolitan area on the potential of
utilizing VII communication in Hybrid Electric Vehicle (HEV) operations by simulating
a VII-enabled vehicle framework for both conventional HEV and Plug-in Hybrid Electric
Vehicles (PHEV). The data collection and communication capability of the VII system
allowed the prediction of speed profiles at the vehicle level with an average error rate of
13.2%. With the prediction, at the individual vehicle level, VII technology allowed
PHEV and HEV to achieve additional benefits with an approximately 3% decrease in
total energy consumption and emission. At the network level, the benefit–cost analysis
indicated that the benefit–cost ratios for PHEV and HEV of the VII vehicle network
exceed one at the fleet penetration rate of 20% and 30%, respectively. Our findings
encourage supporting public and private investments in VII infrastructure and its
integration with HEV and PHEV in order to reap the increased energy savings from these
vehicles.
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1. Introduction
As communication technology has developed at an explosive rate over the past 20
years, incorporating these technologies into the transportation field has become
increasingly popular. One of the major outcomes of this fusion, the Intelligent
Transportation System (ITS) concept, is expected to advance the current transportation
system on a series of fronts including safety, mobility and the environment (Research and
Innovative Technology Administration (RITA), 2011b). According to a report
(Hagemann et al., 2010) on ITS deployment, the national deployment level of ITS related
infrastructure generally increased since the year 1997 and showed impressive benefits in
the expected fields of safety, mobility and the environment. Vehicle-Infrastructure
Integration (VII), also known as IntelliDrive or Connected Vehicles, is a key ITS concept,
which concentrates on the vehicle to vehicle and vehicle to infrastructure
communications. The U.S. federal government is now seeking innovative applications of
the “connectivity” provided by VII (Research and Innovative Technology Administration
(RITA), 2011a) and initiated the testing of connected vehicle technologies (USDOT,
2011). Meanwhile, because of vehicle related issues including fuel efficiency, oil prices
and environmental sustainability, high efficiency and low emission vehicles have become
a popular topic among researchers and policy makers. In addition, according to the
Energy Independence and Security Act (US Congress, 2007), the U.S. national standard
of fuel efficiency should reach 35 miles per gallon (mpg) by 2020 while current
Corporate Average Fuel Economy (CAFE) standards is only 27.5 mpg (Research and
Innovative Technology Administration (RITA), 2010). Vehicle technologies such as
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Electric Vehicle (EV) and Hybrid Electric Vehicle (HEV) are expected to be essential
contributors to meeting the standard because they utilize electricity as an alternative to
gasoline, and provide high fuel efficiency and low emissions. In comparison to EVs,
which have a limit in operation range, HEVs are more flexible and adoptable because
multiple power sources ensure the continuous operation of HEVs when the battery is
drained (Sioshansi et al., 2010). As a more advanced HEV, Plug-in Hybrid Electric
Vehicle is an HEV with a battery storage system that can be fully charged from an
external electric power source, allowing for longer ranges and resulting in higher fuel
efficiencies (Williamson et al., 2006). According to Romm (2006), most vehicles are
expected to have the hybrid power-train option by 2020. While perhaps an overoptimistic estimation, the nascent HEV/PHEV technology is likely to be adopted
following an s-like logistic curve, which will show an expected significant increase in
market share (Geroski, 2000). The purpose of this paper is to study the benefits of the
combination of VII and HEV/PHEV technologies. In order to do this the authors simulate
a VII-HEV/PHEV framework to utilize the advantages of both VII and HEV/PHEV. A
case study was conducted for the VII-HEV/PHEV framework developed in this study on
the midsized Greenville–Spartanburg metropolitan area in South Carolina, U.S.A. The
organization of this paper is as follows: in Section 2, the VII- HEV/PHEV system
framework and study area are stated; in Section 3, vehicle models (HEVs, PHEVs, and
conventional vehicles) used in this study are introduced; in Section 4, a VII-AI
framework is developed to achieve roadway traffic prediction; the impact of the VIIHEV/ PHEV framework is analyzed on a single vehicle level and network level in
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Section 5 and conclusions are stated in Section 6. The study methodology is shown in
Figure 4.1. The simulation cycles, which were provided by the calibrated and validated
simulation network of the study area, were utilized in the traffic prediction algorithm
developed in order to generate predicted cycles for the vehicles’ energy optimization; the
energy and emission vehicle models were utilized to calculate the energy consumed and
emissions produced, first, for the single vehicle level performance analysis and then for
the network level performance analysis. A penetration–performance relationship was
developed based on network level vehicle performance so that the benefit with respect to
different penetration rates of VII-HEV/PHEV can be estimated. Benefits observed from
this model were compared with the cost derived from the VII-HEV/PHEV network
profile described in the study scenario to perform a benefit–cost analysis at the network
level.
2. Study Scenario
2.1. VII-HEV/PHEV system framework
In this paper, the combination of VII and HEV/PHEV technologies was based on
the system framework shown in Figure 4.2. All VII-enabled HEVs or PHEVs in this
paper were equipped with VII and were able to communicate with Roadside Units
(RSUs). The VII-enabled HEVs/ PHEVs acted as probes in the traffic, and the embedded
control modules sent real-time vehicle velocity to the RSUs via onboard VII equipment.
The RSUs gathered the real-time data for traffic prediction, which was then sent back to
VII-equipped HEVs/PHEVs for energy optimization. The whole procedure utilized VII
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communication capabilities to realize real-time traffic prediction and HEV/PHEV energy
optimization, which is discussed in detail in the following sections of this paper.
Study Scenario
VII-Vehicle
Network Profile

Calibrated and
Validated Traffic
Simulation Network

Simulation
Cycles

Traffic Prediction
Algorithm
Predicted
Cycles

Network Level Analysis

Vehicle Models

Network Level
Vehicle Performance

Network PenetrationPerformance Model

Energy
Model

Emission
Model

Single Vehicle Level
Performance

Different Penetration Rates of VII-HEV/PHEV

Network Level
Cost

Network Level
Benefit

Benefit-Cost Analysis of VII-Vehicle Network
Figure 4.1 Study Methodology

2.2. Study area and simulation network
With the consideration that VII is cost effective if implemented in high traffic
demand zones such as on interstates near metropolitan areas, the study area of this
research was selected to be a freeway segment of I-85 between Greenville and

50

Spartanburg in South Carolina, a midsized metropolitan area in the U.S. The selected
freeway segment has a total length of 32 miles and the average annual daily traffic
(AADT) of 60,860 vehicles/day in 2009 (SCDOT, 2010). Since the technical range of
dedicated short-range communications (DSRC) is 1000 m (about 0.62 mi), this paper
assumed that two RSUs per mile (64 RSUs in total) can provide adequate coverage for
the whole segment and adequate capacity for the proposed VII-HEV/PHEV framework.

VII-equipped
HEVs

Velocity
Prediction

Roadside
Units

Velocity
Prediction

Prediction
Algorithm

Figure 4.2 VII-HEV/PHEV System Framework

The selected I-85 corridor was coded in PARAMICS, a state-of- the-art
microscopic traffic simulator, based upon collected field data consisting of the geometry,
traffic control, and traffic volumes of the network. The traffic network was calibrated by
comparing the simulated volume output with the field traffic counts collected and by
comparing the simulator animations with site observations. In addition, simulated traffic
data, such as queue lengths and travel times, were compared to those collected at the
study site. Several iterations and adjustments were made to the travel demand origin–
destination matrix and driver behavior parameters. After the adjustments and iterations,
there were no significant differences between the observed and the simulated queue
lengths at the bottleneck segments. These simulated travel times were within one percent
of the observed times. Therefore, the traffic simulation model was considered an accurate
reflection of the observed traffic.
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From the calibrated traffic simulation model, a four-hour period of traffic,
including afternoon peak hours, was analyzed from 4:00 PM to 8:00 PM on a common
weekday, among which, 360 randomly selected vehicles were tracked to obtain speed
profiles. Eighty-two percent of the speed profiles from the simulation were utilized for
the training process of the traffic prediction model, and the remaining 65 speed profiles
were selected as VII-equipped HEVs for the performance evaluation of the VIIHEV/PHEV framework. A sample speed profile is shown in Figure 4.3.

Figure 4.3 Sample Speed Profile
3. Vehicle models
HEVs and conventional vehicles were the vehicle types considered in this study to
simplify the problem with a consideration of increasing market share of HEVs. HEVs
tested in this study were not only normal HEVs but also PHEVs. Since HEV and PHEV
utilize both the energy stored in gasoline and electrical energy, they are capable of
maximizing their energy efficiency under various traffic conditions. The energy
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management strategy of the PHEV/HEV involves the utilization of the flexibility of
distribution between the fuel converter and the battery storage system at any instant in
time for a given power demand. With the knowledge of future traffic conditions, this
PHEV/HEV energy management strategy can yield even greater vehicle performance
(Manzie et al., 2007).
3.1. Vehicle components
Mechanical

Power

Electrical Power Flow
Information

Control

Vehicle
Dynamics

Driving Cycle

To Wheel

Motor

Power Request

Generator
Control
Module

Power Grid

Engine

Battery
Vehicle Velocity

RSU

Transmitter
Prediction

Figure 4.4 Backward HEV/ PHEV Model

Several hybrid automobile types that combine the internal combustion engine and
the electric motor in different drivetrains are part of the current transportation system.
According to a study conducted by Argonne National Laboratory (Freyermuth et al.,
2009), series drivetrain HEV can provide more conservative estimation for HEV
performance than parallel and power-split drivetrains. The drivers’ behavior is also
ignored to simplify the problem, and the model begins from a known driving cycle.
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Therefore the configuration of PHEVs and HEVs was the series drivetrain with a
backward approach (see Figure 4.4). Given the vehicle dynamic parameters (e.g., the
aerodynamic drag coefficient, ambient air density, the projected frontal area of the
vehicle, and the rolling resistance coefficient), the Vehicle Dynamics module is used to
calculate the tractive power for a certain vehicle velocity, acceleration, and road
condition (road grade) and outputs the power request at the wheel. The power request is
mainly provided by an electric motor driven by a battery storage system. If the power is
greater than what the current battery system can supply (e.g., fast highway driving) the
internal combustion engine (ICE) is activated to drive a generator that augments the
ability of the electric motor to provide the desired propulsion power. This electric motor
can also be reversed to function as a generator implementing the regenerative braking
process, in which the energy flows to the battery storage system to begin recharging.
Among the HEVs considered in this paper, only PHEVs have the capability of charging
the battery from an outside source (power grid). In order to perform efficiently and to
satisfy the varying power demands, ICE operates under the most efficient operational
capacity as shown in Figure 4.5; the optimal operating line is obtained by connecting the
engine output torques corresponding to the best engine efficiency at a given engine speed
from the engine efficiency contour lines shown in Figure 4.5. The control module is
responsible for controlling these components based upon their status and the prediction
from the VII system, and sending real-time velocity data to the RSU via a transmitter.
Optimization within the control module utilizes an instantaneous optimization strategy,
the details of which are discussed in Section 3.2.
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Figure 4.5 Optimal Operating Curve

Figure 4.5 Optimal Operating Curve
indicates the main specifications used in the PHEV model in this study. The
model is characterized as a mid-sized sedan with a gasoline engine, an electric motor, and
a NiMH battery system. The battery system is comprised of 18 packs of 2.23 Ah capacity
for a nominal voltage of 201.6 V. Each battery pack consists of 61 cells in series. Thus,
the total energy that the battery system can provide is 8.11 kW.
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Table 4.1 Vehicle Model Specifications
Total weight
Projected frontal area
Aerodynamic drag coefficient
Rolling friction coefficient
Transmission efficiency
Final gear ratio
Engine power
Motor/Generator power
Motor/Generator efficiency
Battery construction
Battery packs
Battery capacity
SOC window

The

state

of

1256 kg
2.16 m2
0.26
0.007
0.98
3.5
130 hp (96.9kW)
130 hp (96.9kW)
0.95
61 cells of 2.23-Ah cylindrical battery in series for each pack
18
8.11 kWh
30% ~ 80% for PHEV, 25% ~ 35% for HEV

charge

(SOC)

window

in

Figure 4.5 Optimal Operating Curve
describes the amount of usable charge that remains in the battery storage system
compared to the total capacity, which is an important parameter in both PHEV and HEV
modeling. SOC, expressed as a percent of the battery capacity, is measured by monitoring
the Coulombic charge quantity in and out of the battery pack. The integration of the
electric current in the battery and comparing that value with the rated A-h capacity of the
entire pack permits this monitoring. Since it is unrealistic for a battery to be completely

56

charged or discharged, the usable range of SOC considered was between 30% and 80%
for the PHEV. Due to the current battery technology limitations, PHEVs can only sustain
limited operation in the all-electric range (AER). The AER of PHEVs ranges between 10
and 30 miles. Thus, in this study, the AER of PHEV was assumed to be 20 miles.
HEVs modeled in this study were identical to PHEVs except their lack of ability
to charge their batteries from an external power source. Here, the considered HEV has the
same architecture as a PHEV with the exception that the SOC window is between 25%
and 35%. Although the conventional vehicle would be lighter than the PHEV/HEV due to
PHEV/HEV’s dual energy systems, multiple other vehicle factors including aerodynamic
design also have impacts on vehicle consumption and emissions (Markel and Simpson,
2006). As the simulation driving cycles were achieved from freeway conditions, which
have seldom stop-and-go, the vehicle weight factor has minor impact on the consumption
and emission. In order to concentrate on the change in performance brought by hybrid
power system, the authors assumed that in the analysis, the conventional vehicle as the
base case in this study has the same dimensions and properties as a PHEV/HEV. Since
only one source provides energy, the structure of the conventional vehicle has no electric
motor and battery storage system.
3.2. Optimization strategy
Ideally, the overall consumption can be optimized for a trip only if the whole
driving cycle is known. However, in real life application, we can only obtain part of the
cycle with a prediction. Thus, localized optimization was the goal in this study. The local
minimization of a fuel consumption function was advantageous for deriving a local
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optimal solution that is easy to implement, portable and easy to calibrate. Fuel
consumption was minimized with 𝑃𝑓𝑐 (𝑡), 𝑃𝑒𝑙 (𝑡), 𝛾(𝑡) as variables, expressed as
𝑚𝑖𝑛

{𝑃𝑓𝑐 (𝑡),𝑃𝑒𝑙 (𝑡),𝛾(𝑡)}

𝑚̇𝑓,𝑒𝑞 (𝑡) ∀𝑡

(4.1)

where 𝑚̇𝑓,𝑒𝑞 (𝑡) is the total equivalent fuel flow rate at time t expressed in g/s, 𝑃𝑓𝑐 (𝑡) [W]
is the power generated from consuming gasoline, 𝑃𝑒𝑙 (𝑡) [W] is the power
inputted/outputted from the battery storage system, and 𝛾(𝑡) is a Boolean variable to
distinguish the input/output status of battery storage system, defined as
𝛾={

1
0

𝑖𝑓 𝑃𝑒𝑙 ≥ 0
𝑖𝑓 𝑃𝑒𝑙 < 0

(4.2)

The Equivalent Consumption Minimization Strategy (ECMS) (Paganelli et al.,
2002; Sciarretta et al., 2004; Pisu and Rizzoni, 2007) is one method for instantaneously
deriving an optimal solution and widely applied for optimizing the energy consumption
of HEVs. Adaptive ECMS is based upon the online adaptive estimation of a pair of
equivalence factors, which can be tuned to minimize the HEV/PHEV fuel consumption.
The total fuel consumption of a series HEV/PHEV for a given time t is composed
of two parts: actual fuel consumed by the engine and the equivalent fuel consumption of
electricity from the battery pack as shown in the following equation (Gao et al., 2009).
This is expressed as
𝑚̇𝑓,𝑒𝑞 (𝑡) = 𝑚̇𝑓,𝐹𝐶 (𝑡) + 𝑚̇𝑓,𝐸𝑆𝑆,𝑒𝑞 (𝑡) [g/s]

(4.3)

where 𝑚̇𝑓,𝑒𝑞 (𝑡): total equivalent fuel flow rate at time t, 𝑚̇𝑓,𝐹𝐶 (𝑡): fuel flow rate at time t,
𝑚̇𝑓,𝐸𝑆𝑆,𝑒𝑞 (𝑡): equivalent fuel flow rate (cost/saving) associated to the battery.
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In the vehicle configuration detailed in this study, the fuel flow rate is obtained
from the engine component of the vehicle model; the equivalent fuel consumption of the
electric power from the battery is proportional to the quantity of gasoline which produces
the same amount of energy as electricity from the battery does, with consideration of
electrical path efficiency and charge/discharge mode. It can be shown that (Musardo et al.,
2005) the equivalent fuel consumption associates with the electricity usage can be
expressed as
𝑚̇𝑓,𝐸𝑆𝑆,𝑒𝑞 (𝑡) = (𝑆𝑐ℎ𝑔 ∙ 𝛾 ∙

1
𝑃𝑒𝑙 (𝑡)
(4.4)
+ 𝑆𝑑𝑖𝑠 ∙ (1 − 𝛾) ∙ 𝜂𝑒𝑙,𝑐ℎ𝑔 (𝑃𝑒𝑙 (𝑡)))
𝜂𝑒𝑙,𝑑𝑖𝑠 (𝑃𝑒𝑙 (𝑡))
𝑄𝐿𝐻𝑉

where 𝑆𝑐ℎ𝑔 𝑎𝑛𝑑 𝑆𝑑𝑖𝑠 are equivalence factors, 𝜂𝑒𝑙,𝑐ℎ𝑔 and 𝜂𝑒𝑙,𝑑𝑖𝑠 are the electrical path
efficiency during charging and discharging mode respectively, and 𝑄𝐿𝐻𝑉 is the lower heat
value of gasoline (43.5 ∙ 106 J/kg). The optimal equivalence factors 𝑆𝑐ℎ𝑔 and 𝑆𝑑𝑖𝑠 depend
upon the future driving conditions. Generally speaking, they are parameters to be
optimized in order to obtain optimal fuel consumption for the overall trip.
3.3. Vehicle emission models
The emissions considered in this paper are CO2 and NOx which are modeled in
terms of emission rate. For a conventional vehicle, the emission source is gasoline
because the ICE is the only power source. Although a HEV also has two power sources
like a PHEV, its battery can only be recharged by the gasoline engine, thus the emissions
were assumed to only be generated from gasoline. In the case of PHEV, emissions were
from its two power sources, gasoline and electricity but this paper only considers the
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emission generated from gasoline, thus zero emission was assumed from the operation of
PHEV electric motor.
Table 4.2 ICE Emissions for NOx and CO2
Vehicle Type

Conventional
Vehicle

HEV and PHEV

mi/gal
29.72
24.84
17.11
16.70
Average
48.80
44.47
62.23
76.62
Average

NOx
CO2
g/mi
g/gal
g/mi
g/gal
0.137
4.07 203.3
6042
0.156
3.88 298.4
7412
0.224
3.83 374.0
6399
0.259
4.32 436.6
7291
0.194
4.03 328.1
6786
0.008
0.39 114.0
5563
0.015
0.67 125.0
5559
0.011
0.68
73.0
4543
0.010
0.77
90.0
6896
0.011
0.63 100.0
5640

*Data of mi/gal and g/mi are from (Roe et al., 2008) for conventional vehicle
and (Fontaras et al., 2008) for HEV and PHEV. The data in each row are
corresponding to each vehicle type tested in the references.

Since PHEV and HEV in this paper were using the same ICE, the emission rate of
gasoline for these two types were assumed to be the same; the ICE of conventional
vehicle was resized into a higher horsepower thus emission rates were different from the
ICE of PHEV or HEV. The emission rates for ICE from different sources are shown
inError! Reference source not found. from which the average emission rates used in
his study were computed.
4. Traffic predictions
An Artificial Intelligence (AI) based traffic prediction model was developed for
the VII-HEV/PHEV framework. This prediction was communicated to ECMS to
optimize energy consumption. Using the predicted vehicle speed forwarded via VII,
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HEVs/PHEVs can optimize the total energy consumption in real-time during any trip by
updating the equivalence factors.
To ensure the accuracy and integrity of our model, the actual velocity/acceleration
profiles were recorded for the development of the prediction algorithms using the
simulated speed profiles. The velocity/speed profiles were collected from a number of
probe vehicles in the simulated network. The predicted future velocity/ acceleration
profile data could then be communicated back to vehicles from either a traffic
management center or roadside units.
All the historic and current traffic information collected by VII vehicles traveling
on the defined road segment send the traffic data to the approaching RSUs. Using a
Multilayer Feed Forward Artificial Neural Networks (MLFF-ANN) algorithm, these
RSUs then predict velocities for the next period on each segment. Meanwhile, the RSU
installed at the end of each segment of the roadway broadcasts the predicted results to all
VII vehicles traveling on this segment.
For this paradigm, we select 60 s as the prediction time window. Although this
time horizon was found to be the best to minimize the mean absolute percentage error
(MAPE) of traffic prediction for the 65 driving cycles considered in this study, it may not
be the best energy optimization window for all cycles. Within the prediction, historical
and current velocities collected by RSUs (ie. v(t-59), v(t-58), … v(t)) were utilized by the
AI algorithm for predicting trip velocities (ie. v(t+1), v(t+2), … v(t+60)) on supervised
road segments. Meanwhile, RSUs send the predicted data to the VII enabled vehicles
traveling on their segments.
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Figure 4.6 Speed Prediction Errors

At time t, RSUs process the MLFF-ANN algorithm to predict driving speeds at
the next time period between (t+1) to (t+60) seconds. The three layered architecture of
this MLFF-ANN encompasses one input layer, one single hidden layer and one output
layer. The number of neurons for each layer was 60, 50 and 60 respectively. The typical
training process with 80% of simulated speed profiles was conducted for this MLFFANN with predictions evaluated in terms of a single measure of effectiveness, which is
the MAPE. These results are expressed as.
𝑀𝐴𝑃𝐸(%) =

𝑛 |𝑥 − 𝑥
1
̂𝑖 |
𝑖
∑
× 100%
𝑛
𝑥𝑖
𝑖−1

(4.5)

where xi is the observed velocity at time interval t+1; xˆi is the predicted travel velocity at
time interval t+1 obtained by the MLFF-ANN, and n is the number of time intervals.
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Figure 4.6 indicates the errors for predicting each of the 65 cycles, ranging from 8.5% to
19.5%, with an average value of 13.2%.
5. Performance Analysis
The first part of the analysis was conducted to compare the vehicle level
performance of five different types of vehicles (base/ conventional vehicles, base HEVs,
base PHEVs, VII-HEVs, and VII-PHEVs) in the simulation network in order to
demonstrate the advantages of the VII-enabled system. The second part of the analysis
shows the network level impact of the VII-HEV/PHEV framework on the study area.
5.1. Vehicle level performance of VII-HEV/PHEV framework
Five types of vehicles were analyzed, in which VII-PHEVs and VII-HEV were
the PHEVs and HEVs being integrated with intelligent transportation systems, specified
as the VII system in this study; the other three vehicle types were the vehicles without
intelligent control.
Battery management is one of the tasks of PHEV/HEV control systems. Figure
4.7 indicates the performances of the battery control for both non-VII vehicles and VIIenabled vehicles. With ECMS energy control, PHEV’s AER was extended compared to
the base PHEV. It was also evident that the SOC curves of the VII-PHEV and VII-HEV
were smoother than the bases PHEV and HEV, which indicates better energy
performance. This performance, in turn, verifies that VII involving PHEV and HEV
energy control can decrease the frequencies of “engine-on”, with subsequent negative
impacts on battery usage and total energy consumption.
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Since the optimization of PHEV/HEV was based on the predicted cycles, the energy
savings of individual VII-enabled vehicles for each of the 65 cycles with respect to
prediction errors is shown in Figure 4.8. The x-axis is the percentage MAPE while the yaxis represents the cost savings achieved from optimization of the VII-enabled PHEV and
HEV compared to the base PHEV and HEV; it can be seen that the optimization was
more effective for PHEV than HEV. The improvements from the optimization range
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between 2% to 12% with an average of 6% for PHEV and 1% to 3.5% with an average of
2.2% for HEV. However, there was no obvious relationship between the improvement
rate and the prediction error rate. In other words, the proposed VII-HEV/PHEV
framework was robust enough to sustain the performance of VII-enabled vehicles under
different prediction errors, and also, as discussed earlier, under different driving styles.
Table 4.3 Energy Consumption and Emission Comparison
VII-PHEV

Base
VII-HEV
PHEV
Gasoline(Gallon)
0.34
0.35
0.84
Gasoline(equivalent kWh)
11.36
11.69
28.06
Electricity(kWh)
4.34
4.48
0
NOx(g)
0.21
0.22
0.53
CO2(g)
1907
1967
4738
*Consumption and Emission are for a 32 miles trip in simulation

Base
HEV
0.86
28.72
0
0.54
4872

Base
Vehicle
0.88
29.39
0
3.54
5970

To assess the energy consumption and the emissions of the VII-PHEVs and VIIHEVs, the gasoline and electricity consumption of five different types of vehicles were
compared for a 32miles trip in the simulation network, as shown in Table 4.3. It was
shown that HEV technology improves 2% of fuel efficiency compared to the base vehicle
while VII capability further improves fuel saving. Similarly, comparing to non-VII
vehicles, VII-PHEVs obtained an approximately 3% improvement in gasoline, electricity
consumption and emissions reduction. It can also be seen from Table 4.3 that gasoline
consumed by PHEVs was much lower than HEVs and the base vehicles because of
PHEVs’ larger battery depleting range. The impact of the hybrid drivetrains on emissions
was similar to that on fuel consumption.
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Figure 4.8 Cost Savings due to VII-supported optimization compared to the non-VII case
VS Prediction Error for PHEV and HEV

For a more reasonable comparison of energy consumption between PHEVs and
HEVs, the electricity was converted into equivalent fuel consumption. By assuming a
cost of $2.50/gal of gasoline and $0.05/kW h of electricity, based on monetary value, the
gasoline gallon equivalent (GGE) was 33.4 kWh/gal. Thus the overall cost for each of the
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vehicle types was achieved and shown in Figure 4.9. It can be seen that the total
consumption by utilizing VII improves 2.8% and 3% for the PHEV and HEV,
respectively. VII-PHEV has the best performance in terms of total consumption due to
the benefits of “plug-in” and smart energy control, resulting only approximately 3 cents
per mile as the cost of driving a VII-PHEV with an excellent MPG and a corresponding

Total Cost of Energy (Miles per GGE)

reduction in greenhouse gases.
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Figure 4.9 Comparison of Economic Impact

5.2. Network impact of VII-HEV/PHEV framework
5.2.1. Fuel saving and emission reduction
In order to present the network impact of the VII-HEV/PHEV framework, a
penetration study was conducted with the driving cycles selected from the simulation
with varies penetration rates of four vehicle types with a base condition of 100%
conventional vehicles (see Figure 4.10 and Figure 4.11). When changing the penetration
rate of each type of vehicle, it was assumed that replacing the conventional vehicle with
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the target type vehicle does not change the driving profile of the vehicle and does not
influence the behavior of any other vehicles in the network. Although improvement
varies for each driving cycle as can be seen in Figure 4.9, the relationship between
improved fuel efficiency and increasing penetration rates was approximately linear as can
be seen in Figure 4.10 and Figure 4.11; the equation for the response can be expressed as
a simple linear equation with a y-intercept of zero:

Figure 4.10 Penetration Study for Fuel Saving
𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 = 𝑎𝑖 × 𝑃𝑒𝑛𝑒𝑡𝑟𝑎𝑡𝑖𝑜𝑛

(4.6)

Here improvement and penetration are in percent, and 𝑎𝑖 is the slope and also the
expected improvement in gasoline or reduction in emissions with respect to the base
condition for each one percent increase in penetration rate. The values of 𝑎𝑖 and the
corresponding coefficient of determination are shown in Table 4.4 and Table 4.5. The
coefficient of determination shows an ideal fit of the model for the data of each type.
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The PHEV has a larger 𝑎𝑖 value than the HEV, which means the PHEV has better
performance than the HEV which also coincides with the results in the first part of the
analysis; further improvement of both types was achieved by applying VII capability.
The linearity showed in the model implies that the difference in driving has little or no
effect on the performance of the vehicles (Base HEV, Base PHEV, VII-HEV, and VIIPHEV) and the framework in this paper.
Table 4.4 Linear Regression Results for Fuel Saving
PHEV-VII
PHEV
HEV-VII
HEV
0.6873
0.6643
0.4379
0.4241
𝒂𝒊
𝟐
1.0000
0.9999
0.9998
0.9998
𝑹
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Figure 4.11 Penetration Study for Emission Reduction

𝒂𝒊
𝑹𝟐

Table 4.5 Linear Regression Results for Emission Reduction
PHEV-VII
PHEV
HEV-VII
HEV
CO2
NOx
CO2
NOx
CO2
NOx
CO2
NOx
0.7480
0.9905
0.7288
0.9869
0.5407
0.9516
0.5292
0.9495
1.0000
1.0000
1.0000
1.0000
1.0000
1.0000
1.0000
1.0000
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5.2.2. Cost and Benefit Analysis
For the cost and benefit analysis, the authors assumed that the implementation of
the proposed VII-HEV/PHEV system would be completed in 2015 for the GreenvilleSpartanburg metropolitan area. The analysis period was the 16 years from 2015 to 2030.
Because data for the estimation came from multiple sources with monetary values from
various years, the final costs and benefits were converted to 2011 values by assuming an
average annual inflation rate of 3%. As the study focusing analyzing VII-HEV/PHEV on
the freeway, only vehicles traveling on the 32-mile I-85 corridor in GreenvilleSpartanburg area were analyzed. The benefit of the framework was estimated based on
the fuel savings and the emissions reduction, which was analyzed in section 5.2.1. To be
conservative, the fuel cost was assumed to be $3.50 per gallon in 2011, with an annual
increase rate of 3%. According to the traffic count data from the South Carolina
Department of Transportation (SCDOT, 2010), AADT on I-85 in the study area for 2009
is 60,860 vehicles/day. This value would become 66,503 in 2015 assuming an increase
rate of 3%. In the annual Vehicle Mile Traveled (VMT) report (FHWA, 2011), the light
duty vehicles, the type of vehicle considered in this paper, account for about 70% of the
total VMT in 2009. Regarding to the benefits related to reducing emissions, the shadow
prices (Krupnick et al., 2005) for vehicle emissions control are $3,226 in 1999 dollars
and $310 in 2000 dollars per ton of NOx and CO2 reduction respectively, or $4,657 and
$429 in 2011 dollar. With discussed data, the network benefits are shown in Table 4.6,
comparing different types of PHEVs and HEVs with VII options to 100% conventional
vehicles without any VII application with respect to different penetration rates.
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Table 4.6 Benefit of VII-HEV/PHEV Framework in the Selected Network
CO2
NOx
Total
Reduction
Reduction
PHEV-VII
$81,100,000
$136,480,000 $1,160,000 $218,739,000
PHEV
$78,386,000
$132,976,000 $1,155,000 $212,518,000
10%
HEV-VII
$51,671,000
$98,656,000
$1,114,000 $151,441,000
HEV
$50,043,000
$96,558,000
$1,112,000 $147,712,000
PHEV-VII
$121,650,000
$204,720,000 $1,739,000 $328,109,000
PHEV
$117,579,000
$199,465,000 $1,733,000 $318,777,000
15%
HEV-VII
$77,507,000
$147,984,000 $1,671,000 $227,162,000
HEV
$75,064,000
$144,836,000 $1,667,000 $221,568,000
PHEV-VII
$162,200,000
$272,959,000 $2,319,000 $437,478,000
PHEV
$156,772,000
$265,953,000 $2,311,000 $425,036,000
20%
HEV-VII
$103,342,000
$197,312,000 $2,228,000 $302,882,000
HEV
$100,086,000
$193,115,000 $2,223,000 $295,424,000
PHEV-VII
$202,750,000
$341,199,000 $2,899,000 $546,848,000
PHEV
$195,965,000
$332,441,000 $2,888,000 $531,294,000
25%
HEV-VII
$129,178,000
$246,640,000 $2,785,000 $378,603,000
HEV
$125,107,000
$241,394,000 $2,779,001 $369,280,000
PHEV-VII
$243,300,000
$409,439,000 $3,479,000 $656,217,000
PHEV
$235,158,000
$398,929,000 $3,466,000 $637,553,000
30%
HEV-VII
$155,014,000
$295,968,000 $3,342,000 $454,323,000
HEV
$150,129,000
$289,673,000 $3,335,000 $443,136,000
* The percentage is for the corresponding vehicle type, assuming that the rest of the vehicles in
the network are conventional vehicles.
Penetration*

Type

Energy Saving

The cost of the VII framework consists of basically two parts: RSUs and on-board
units. The cost of an on-board unit is $50 per vehicle in 2007 dollars considering it is
installed on the vehicle in the assembly line. The cost of a RSU is around $13,600 in
2007 dollars including the installation and the parts (Peirce and Mauri, 2007). Since the
technical range of DSRC is 1000m (about 0.62mi), thus the total number of RSUs is 64
for the 32 miles of I-85 corridor at the study site. The communication cost for each RSU
includes $700 per unit (in 1995 dollars) for installation, $7,400 per year (in 2005 dollars)
for operation and maintenance, and $600 (in 2004 dollars) for a monthly service fee.
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With the discussed benefits and costs, the benefit-cost ratio (BCR) for the
implementation of different PHEV and HEV framework are shown in Table 4.7 with
respect to different percentage penetration rates of these vehicles; as can be seen, the
BCR for PHEV-VII scenarios exceed one when the penetration is higher than 20% while
it exceeds one at the penetration rate of 30% in the HEV scenarios.
Table 4.7 Benefit-Cost Analysis of VII-HEV/PHEV Framework in the Selected Network
Penetration Technology
PHEV-VII vs PHEV
10%
HEV-VII vs HEV
PHEV-VII vs PHEV
15%
HEV-VII vs HEV
PHEV-VII vs PHEV
20%
HEV-VII vs HEV
PHEV-VII vs PHEV
25%
HEV-VII vs HEV
PHEV-VII vs PHEV
30%
HEV-VII vs HEV

Additional Benefit
$6,221,000
$3,729,000
$9,332,000
$5,594,000
$12,443,000
$7,458,000
$15,553,000
$9,323,000
$18,664,000
$11,187,000

Additional Cost
$9,634,000
$9,634,000
$9,780,000
$9,780,000
$9,925,000
$9,925,000
$10,071,000
$10,071,000
$10,217,000
$10,217,000

BCR
0.65
0.39
0.95
0.57
1.25
0.75
1.54
0.93
1.83
1.09

6. Conclusions
The VII-HEV/PHEV framework presented in this paper supports the broader
national transportation goals of a transportation system in which vehicles and
infrastructure are integrated in real- time to improve mobility and fuel efficiency. At the
individual vehicle level, traffic prediction was conducted with the prediction algorithm
developed in the paper and transmitted to VII-enabled vehicles via VII, and the results
show that improvement in the total fuel efficiency and emissions was achieved. From a
network aspect, the performances of VII-enabled vehicles were robust under the
circumstances of different prediction errors and driving conditions. With the
consideration of the cost of implementing entire VII system including RSUs and on-
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board units, and the benefit obtained from the improvement in the total fuel efficiency
and emissions, our analysis revealed that benefits outweigh costs when the network has
20% PHEV and 30% HEV, respectively. Moreover, since the 5.9 GHz DSRC protocol
utilized supports up to 27 Mbps of bandwidth, which is more than sufficient for the
operation of the wireless communication between PHEV/HEVs and the infrastructure for
the VII framework presented in this paper, other services (e.g., commercial advertisement,
accelerated

incident

management,

traffic,

and

weather

condition

information

dissemination) that are not the focus of this study can also be integrated with the
developed VII system in order to fully utilize its capacity and achieve additional benefits,
resulting in a higher benefit-to-cost ratio (BCR). The wireless communication technology
could further advance in the future, resulting in a reduced cost for the RSUs, on- board
units and the operation/maintenance, which would improve the BCR sooner even with
lower penetration rates.
Though the BCR analysis was performed in a mid-sized U.S. metropolitan area, it
clearly demonstrated the potential contribution of the VII-HEV/PHEV framework in
achieving the national goal of decreasing fuel consumption and reducing emissions. The
development of a demonstrative VII system along a segment of urban freeway could also
educate the public and market the benefits of this technology, which would encourage
additional beneficial projects related to VII. The study suggests the need to support public
and private investments on VII-HEV/PHEV technology, which could thrust the country’s
aging transportation infrastructure into the 21st century, along with numerous
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employment opportunities and chances of leading the world with cutting-edge
transportation technology that supports mobility as well as energy efficiency.
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CHAPTER FIVE
DISSERTATION CONCLUSIONS AND RECOMMENDATIONS
1. Dissertation Conclusions
The author developed a PHEV/HEV-VII system and demonstrated the efficacy of
the system on energy and environment under different PHEV topologies and power
management algorithms. The motivation of this dissertation was to evaluate the
hypothesis that enhancing PHEV/HEV with VII will further improve the energy
efficiency and emissions of PHEV/HEV.
The first article presented an innovative A-ECMS energy optimization strategy
for a power-split drivetrain PHEV system that utilizes predictive traffic information. The
best optimization window size, involving a combination of different cycles, total travel
lengths and operating modes, was identified and validated for this A-ECMS energy
optimization strategy with the developed A-ECMS model. The selected window sizes
were then used to improve the proposed PHEV system performance for all cycles
analyzed in this study. The analysis showed that the vehicle exhibited an improvement of
14–31% for the UDDS, followed by a 1–15% improvement for the HWFET and a 1–8%
improvement for the US06, depending upon the total length of travel and operating
modes. In addition, an impact study of the different prediction errors on the PHEV power
management strategy showed no clear relationship between the error rate and the
performance of that strategy. However, despite the degradation of performance caused by
prediction errors, the A-ECMS energy optimization strategy still yielded energy savings,
which was an indication of the robustness of the model.
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The second article evaluated the energy efficiency of a forward power-train plugin hybrid electric vehicle model with an energy management system and a cycle
optimization algorithm. The predicted cycles were first optimized using a cycle
optimization strategy, which resulted in energy efficiency improvements of 54–86% for
conventional vehicles. When combined with the power management of PHEVs, the
energy efficiency improvements increased to approximately 115%. A system penetration
study suggested that the impact of increased penetration of VII-enabled PHEVs on a
roadway network adds to the improvement in overall fuel efficiency.
The VII-HEV/PHEV framework presented in the third article supported the
broader national transportation goals of a transportation system in which vehicles and
infrastructure are integrated in real-time to improve mobility and fuel efficiency. At the
individual vehicle level, traffic prediction was conducted with a prediction algorithm and
transmitted to VII-enabled vehicles via roadside devices, and the results show that
improvements in the total fuel efficiency and emissions were achieved through the
strategy. From a network aspect, the performances of VII-enabled vehicles were robust
under different prediction errors and driving conditions. With the consideration of the
costs of implementing the entire VII system, including Road-Side Units (RSUs) and onboard units, and the benefit obtained from the improvement in the total fuel efficiency
and emissions, the analysis revealed that benefits outweigh costs when the network has
20% PHEV and 30% HEV, respectively. Moreover, the 5.9 GHz DSRC protocol
considered in the study that supports up to 27 Mbps of bandwidth is more than sufficient
for wireless communication operation between PHEV/HEVs and the infrastructure for
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the VII framework presented in this paper. Also this proposed VII framework supports
other services (e.g., commercial advertisement, accelerated incident management, traffic,
and weather condition information dissemination), which will contribute to achieving
additional benefits. Considering other services will result a higher benefit-to-cost ratio
(BCR) than found here. Future advancements in wireless communication technology will
result in reduced RSU costs as well as on-board units and operation/maintenance, which
will more rapidly improve the BCR with even lower penetration rates. The BCR analysis
clearly demonstrated the potential contribution of the VII-HEV/PHEV framework in
achieving the national goal of decreasing fuel consumption and reducing emissions.
Although several studies have been conducted on the incorporation of the PHEV
power management with predictive traffic data, none have been conducted for the ECMS
with power-split drivetrain, which is the most common form of the PHEV drivetrain. The
author implemented an A-ECMS in a power-split drivetrain PHEV model that utilizes a
predictive driving profile. The adoption of this A-ECMS energy optimization strategy for
a power-split drivetrain PHEV system, in addition to being suitable for real-time energy
management applications, leads to even greater benefits in energy consumption delivered
by plug-in hybrid electric vehicles.
In addition, the development of a demonstration project for a VII system along a
segment of urban freeway can also educate both the public sector and private industry on
the benefits of this technology to attract the necessary investment for a widespread
adoption of VII-HEV/PHEV technology. This expanded use of this technology will
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contribute to improving sustainable mobility, and lead to cutting-edge transportation
technology that maximizes mobility as well as energy efficiency.
2. Recommendations
The following recommendations are divided into two categories. The first
involves recommendations on utilizing the findings from this dissertation. The second
involves recommendations regarding future research.
2.1. Utilization


The VII-based A-ECMS strategy developed in this study is applicable to series
and power-split PHEV/HEV. The parameters and the test results in the study can
be utilized by engineers and designers of both VII and PHEV/HEV systems.



The VII-based A-ECMS strategy developed in this dissertation is applicable to
PHEV energy system in various VII environments. Real-world application issues
include the management of the optimization window sizes and the impact of
prediction errors, both of which are addressed in this dissertation.



The analysis of the energy and emission impact of the developed VII-PHEV/HEV
can be utilized by policy and decision makers to understand the benefit of VII,
PHEV/HEV and the potential for combining these two systems. The results in the
study also demonstrated a promising path to meet the national goal of decreasing
fuel consumption and reducing emissions through the VII-PHEV-HEV
technology.
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2.2. Future Research


Further development is needed to generalize the VII-based power management
system. Since the different vehicle topologies, such as FCV, EV and conventional
vehicle are likely to coexist in the transportation system for a considerable period
of time, a general power management system is needed for all vehicle topologies
to be benefited by VII, so that VII implementation would be encouraged at a
larger scale. Such developments can utilize the findings of this study.



Further development is needed to specifically configure the VII-based power
management systems for different vehicle topologies and traffic conditions so that
the benefit from VII can be maximized.



Further studies are needed to evaluate the benefit from VII at different level of
VII development and implementation. As VII technology is still under
development and evolution, studies are necessary to determine the necessary
policies for directing the VII development and to encourage involvements from
different stakeholders.
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